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Abstract 

Cardiotoxicity risks in the form cardiac arrhythmias prevent new drug candidates to advance 

from pre-clinical development. One measure of this risk is the prolongation of the QT interval 

on the electrocardiogram (ECG) - a surrogate marker for abnormal electrical activity and a 

potential precursor for fatal ventricular arrhythmias. A number of high-profile drug failures 

due to their cardiotoxicity have been attributed to drug interactions with the voltage-gated 

potassium channel Kv11.1, also known as the human Ether-a-go-go Related Gene Encoded 

Protein (or “hERG”), a cardiac ion transport protein largely responsible for the 

repolarization of the cardiac action potential and thus QT interval duration. Drugs from 

multiple classes block hERG channel and can cause QT interval prolongation and possibly 

arrhythmias. In this work we will focus on beta-blockers, which are used to treat 

cardiovascular disorders including some arrhythmias but inadvertently can be 

arrhythmogenic as well. One such drug molecule is d-sotalol, the dextrorotary stereoisomer 

of the beta-blocking anti-arrhythmic drug dl-sotalol, which proved to induce fatal 

arrhythmias due to hERG blockade in the “Survival with Oral D-Sotalol” clinical study. Sotalol 

is otherwise is formulated as a racemic beta blocker indicated for the treatment of 

arrhythmias like atrial fibrillation by blocking the activation of beta-adrenergic receptors, a 

target blocked only by the l-stereoisomer. Yet l-sotalol is as effective at blocking hERG as its 

dextrorotary counterpart. It seems that beta-blocking activity may attenuate 

arrhythmogenic risks posed by sotalol-induced QT prolongation, and experimental evidence 

supports this conclusion. However, the molecular mechanism that governs this selectivity on 



  

xvi 

the beta-adrenergic receptor remains unknown. Here we examine stereospecific 

interactions of the stereoisomers of sotalol with the beta-adrenergic receptor subtypes β1 

and β2, but not before examining hERG conduction and the nature of hERG channel blockade 

by sotalol. In pursuing this line of inquiry, we find that the while molecular dynamics 

simulations can support experimental evidence regarding hERG-blockade, assessing beta-

blockade in the orthosteric ligand binding pocket of the beta-receptors using molecular 

docking approach, as opposed to molecular dynamics, falls short of recapitulating this 

physiological phenomenon.  

 



 

 1 

Chapter	1.		Introduction	

One	of	the	most	significant	obstacles	preventing	new	drugs	from	reaching	the	market	is	their	

potential	 to	 cause	 arrhythmia,	which	 is	 a	 leading	 cause	 of	 drug	 termination	 during	 pre-

clinical	development[1,	2].	One	measure	for	cardiotoxic	arrhythmia	risk	is	the	prolongation	

of	 the	QT	 interval	 on	 the	ECG	 -	 a	marker	 for	 abnormal	 electrical	 activity	 and	 a	potential	

progenitor	of	fatal	ventricular	arrhythmias[3].	A	number	of	high-profile	drug	failures	due	to	

their	cardiotoxicity	have	been	attributed	to	promiscuous	drug	interactions	with	the	voltage-

gated	 potassium	 channel	 Kv11.1,	 also	 known	 as	 the	 human	 Ether-a-go-go	 Related	 Gene	

Encoded	Protein	(or	“hERG”),	a	cardiac	ion	transport	protein	primarily	responsible	for	the	

repolarization	 of	 the	 cardiac	 action	 potential	 and	 thus	 QT	 interval	 duration[3,	 4].	 hERG	

blockade	and	QT	prolongation	serve	as	surrogate	markers	of	pro-arrhythmia	risk	and	are	

used	 by	 the	 FDA	 for	 assessing	 drug	 safety[5].	 	 However,	 these	 criteria	 alone	 do	 not	

adequately	differentiate	safe	from	unsafe	drugs,	as	there	are	multiple	examples	of	cardiac-

safe	drugs	on	the	market	that	fail	those	tests[6,	7].	

	

In	this	work	we	focused	on	beta-blockers,	drugs,	which	are	commonly	used	treat	anxiety,	

hypertension,	 congestive	 heart	 failure,	 arrhythmias,	 and	 other	 cardiovascular	 and	

neurological	 disorders[8-10].	 Yet,	many	 of	 them	are	 known	 to	 block	 hERG	 channel,	with	

some	leading	to	arrhythmia	risks	but	others	being	cardiac-safe	at	clinical	doses[6,	11-13].	

There	 is	currently	no	established	way	to	distinguish	safe	and	unsafe	hERG	blockers	 from	

their	chemical	structures,	while	 there	are	numerous	efforts	 to	do	so	through	coordinated	

efforts	by	academia,	industry,	and	regulatory	agencies	such	as	e.g.,	Comprehensive	in	vitro	

Pro-arrhythmia	Assay	(CiPA)	initiative[14].		
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We	have	recently	developed	a	multiscale	modeling	pipeline	that	successfully	distinguished	

between	safe	and	unsafe	hERG	blockers	in	silico	by	simulating	state-specific	hERG	channel	–	

drug	 interactions	 at	 the	 atomistic	 scale	 and	 using	 computed	 rates	 and	 affinities	 as	

parameters	for	functional	models,	which	subsequently	predicted	emergent	pro-arrhythmia	

markers	at	the	cell	and	tissue	scale[15,	16].	However,	this	framework	does	not	account	for	

possible	 drug	 interactions	 with	 other	 protein	 targets	 that	 may	 affect	 cardiac	 electrical	

activity	and	influence	drug	cardiotoxicities.	

	

	As	 a	 first	 step	 in	 including	 these	 multi-target	 effects,	 we	 propose	 studying	 the	 drug	

interactions	with	beta	adrenergic	 receptors	 (βAR),	 since	many	beta	blockers	have	hERG-

blocking	activity	but	divergent	cardiac	safety	profiles:	for	instance,	carvedilol	blocks	hERG	

at	 clinically	 relevant	 concentrations,	 while	 propranolol	 can	 induce	 long	 QT	 when	

overdosed[12].	 In	 fact,	 carvedilol’s	 off-target	 hERG	 block	 may	 account	 for	 its	 superior	

performance	over	the	cardioselective	beta	blocker	metoprolol	in	preventing	sudden	cardiac	

death	in	the	COMET	Trial	(Carvedilol	Or	Metoprolol	European	Trial[12,	13].		Perhaps	most	

consequential	of	the	hERG-blocking	beta	blockers	is	sotalol,	or	dl-sotalol.	

	

	Sotalol	 is	 a	 racemic	 drug	 with	 stereospecific	 beta-adrenergic	 blockade,	 but	 likely	 non-

stereospecific	hERG	blockade:	d-sotalol	can	block	hERG	currents	yet	cannot	competitively	

antagonize	beta	adrenergic	receptors	at	clinical	concentrations,	whereas	l-sotalol	can	block	

both[6,	11].	This	distinction	proved	tragic	when	the	“Survival	with	Oral	D-sotalol”	(SWORD)	

clinical	 trial	 terminated	 early	 upon	 finding	 that	 mortality	 for	 patients	 taking	 d-sotalol	
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doubled	 on	 over	 placebo[4,	 17,	 18].	 Alone,	 d-sotalol	 is	 highly	 arrhythmogenic,	 and	 yet	

racemic	dl-sotalol	 remains	a	marketed	drug	with	better	 cardiac	 safety	profile[11].	At	 the	

same	time,	the	prescribed	beta-blocker	propranolol	has	been	shown	to	block	hERG	channel	

at	clinically	relevant	concentrations,	yet	 it	 is	also	regarded	as	cardiac-safe[19-21].While	a	

functional	 model	 may	 simulate	 the	 electrophysiological	 consequences	 of	 estimated	 net	

affinities	 for	drug	blockade	of	 either	 target,	 a	multi-scale	model	using	MD	simulations	 to	

quantify	 multiple	 protein	 target	 –	 drug	 interactions	 should	 recapitulate	 protein	

conformational	state	specificities	at	the	atomistic	scale	and	thus	can	be	used	to	develop	safer	

pharmaceuticals.		

	

Understanding	the	diverse	target	specificities	exhibited	by	beta-blockers	is	particularly	vital	

when	 modeling	 disease	 conditions	 for	 the	 role	 of	 beta-adrenergic	 receptors	 changes	

dramatically.	 During	 disease,	 sympathetic	 activity	 can	 affect	 cardiac	 nerve	 remodeling,	

induce	 hypertrophy,	 and	 cause	 fibrosis[22].	 During	 heart	 failure	 (HF),	 for	 example,	

adrenergic	 stimulation	 significantly	 increases	 to	 compensate	 for	 lost	 cardiac	 output[23].		

Additional	stimulation	counteracts	reduced	inotropy,	and	beta	agonists	may	be	prescribed	

to	enhance	cardiac	output	further.	However,	this	increases	energy	expenditure,	stressing	the	

heart	and	encouraging	a	host	of	genetic	changes	that	worsen	the	condition[24].		Excessive	

adrenergic	 stimulation	may	 also	 lead	 to	 hyper-innervation	 in	 some	 instances,	 and	 hypo-

innervation	in	others;	both	scenarios	may	induce	ectopic	activity,	exacerbating	arrhythmia	

risk[22].	 At	 the	 cellular	 level,	 heart	 failure	 leads	 to	 a	 downregulation	 of	 β1AR	 by	

approximately	60%	and	an	upregulation	of	β2AR		by	40%	from	basal	expression	levels;	while	

β1AR	outnumbers	β2AR		by	four	to	one	in	normal	conditions,	HF	shifts	this	ratio	towards	two	
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to	 one[22,	 25].	 Thus,	 discerning	 the	 interactions	 favored	 by	 different	 beta	 blockers	with	

different	 subtypes	 of	 adrenergic	 receptors	 and	 their	 different	 conformational	 states	 has	

utility	 for	 functional	 models	 replicating	 adrenergic	 stimulation	 in	 health	 and	 disease.	

Understanding	which	drugs	favor	specific	beta-receptor	conformational	states	and	their	G	

protein	complexes	at	the	atomistic	scale	is	a	vital	first	step	towards	anticipating	their	effect	

during	disease	progression.	

	

This	work	will	discuss	how	we	came	to	determine	that	the	hERG	model	published	in	Yang	

etal[16]	was	in	the	open	state	and	the	structural	protein	properties	affecting	ion	conduction	

using	all-atom	molecular	dynamics	simulations.	Then	it	will	discuss	our	recent	contributions	

to	understanding	dl-sotalol	 interactions	with	hERG	potassium	channel	as	can	be	assessed	

using	atomistic	molecular	dynamics	simulations	in	our	published	work	[15].	Lastly,	it	will	

discuss	the	development	of	models	of	beta-adrenergic	receptors	β1AR	and	β2AR	in	multiple	

conformational	 states,	 with	 and	 without	 bound	 stimulatory	 G	 protein.	 Having	 docked	

endogenous	 ligand	 norepinephrine	 and	 stereoisomeric	 beta	 blockers	 sotalol	 and	

propranolol	 to	 these	 receptor	models,	we	 assess	 the	 capability	 for	molecular	 docking	 to	

attest	 to	 the	 known	 stereospecific	 selectivity	 against	 βARs	 that	 may	 contribute	 to	 their	

differential	cardiotoxic	effects	and	will	also	allow	us	to	test	alternative	hypotheses.	
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Chapter	 2.	 Characterizing	 the	 Conducting	 State	 of	 the	 Cardiac	 Potassium	 Channel	

Kv11.1		

Acknowledgments:	

The	development	of	a	model	of	 the	wild-type	cardiac	potassium	channel	hERG,	 its	S641A	

mutant	 and	 their	 molecular	 dynamics	 simulation	 setup	 were	 performed	 by	 Dr.	 Kevin	

DeMarco	 and	 published	 in	 part	 in	 Yang	 et	 al	 “A	 Computational	 Pipeline	 to	 Predict	
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2.1	Introduction	

Many	high-profile	drug	failures	due	to	cardiotoxicity	have	been	attributed	to	promiscuous	

drug	 interactions	 with	 the	 voltage-gated	 potassium	 channel	 Kv11.1,	 also	 known	 as	 the	

human	 Ether-a-go-go	 Related	 Gene	 (or	 hERG)	 channel	 [26,	 27].	 The	 hERG	 channel	 is	

responsible	 for	 the	 delayed	 rectifying	 K+	 current	 of	 cardiomyocytes	 known	 as	 IKr	 and	

contributes	to	repolarization	phase	of	the	cardiac	action	potential	and	thus	the	QT	interval	

duration	of	the	electrocardiogram	(QT),	a	surface	level	reading	of	cardiac	electrical	activity	

corresponding	 to	 ventricular	 contraction	 and	 relaxation	 [27].	 hERG	 blockade	 and	

subsequent	QT	prolongation	serve	as	surrogate	markers	of	pro-arrhythmia	risk	and	are	used	

by	 the	 FDA	 for	 assessing	 drug	 safety[5],	 but	 have	 been	 found	 not	 selective	 to	 provide	

accurate	predictions.	There	are	multiple	drugs,	which	block	hERG	channel	and	prolong	QT	

interval,	 but	 are	 cardiac-safe:	 for	 instance,	 carvedilol	 blocks	 hERG	 at	 clinically	 relevant	

concentrations,	 while	 propranolol	 can	 induce	 long	 QT	 when	 overdosed[12].	 In	 fact,	

carvedilol’s	 off-target	 hERG	 block	 may	 account	 for	 its	 superior	 performance	 over	 the	
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cardioselective	beta	blocker	metoprolol	in	preventing	sudden	cardiac	death	in	the	COMET	

Trial	(Carvedilol	Or	Metoprolol	European	Trial)([12,	13].		This	can	lead	to	withdrawal	of	safe	

and	efficacious	medications[14].	Consequently,	elucidating	 the	molecular	determinants	of	

drug	-	hERG	interactions	is	highly	desirable.	

	

Central	 to	 the	 contribution	 by	 hERG	 channel	 in	 cardiac	 repolarization	 are	 the	 channel’s	

distinct	kinetic	properties.	The	hERG	channel	is	an	inward	rectifier	that	transitions	from	a	

closed	 state	 to	 an	 open	 state	 upon	membrane	 depolarization,	 but	 then	 undergoes	 rapid	

inactivation:	a	state	in	which	the	channel	is	unable	to	conduct	potassium	ions	despite	the	

pore	domain	remaining	open	and	voltage	sensing	domains	activated	[28,	29].	Though	many	

channels	possess	inactivated	states,	the	rapidity	of	this	transition	is	essential	to	its	function	

for	 inactivation	 reduces	 Ikr	 to	 govern	 cardiac	 action	 potential	 duration	 [28,	 29].	

Consequently,	hERG	blocking	drugs	that	pose	pro-arrhythmic	risk	preferentially	bind	and	

hold	the	channel	in	the	inactivated	state,	attenuating	Ikr	to	ultimately	prolong	the	QT	interval	

[30,	31].		However,	the	potentially	life-threatening	consequences	of	drug-induced	Long	QT-

Syndrome	are	not	easily	anticipated	without	widescale	clinical	testing	in	humans,	and	many	

drugs	have	notoriously	escaped	scrutiny.	Furthermore,	the	criterion	of	hERG	blockade	as	a	

predictor	for	arrhythmia	risk	does	not	necessarily	capture	this	pernicious	state-specificity.	

Therefore,	the	molecular	modeling	community	has	sought	an	atomistic-scale	understanding	

of	 hERG	 channel	 structure,	 kinetics,	 and	 state-specific	 drug	 interactions	 since	 the	 early	

2000s	building	its	structural	models	using	homologous	channel	structures	(see	Durdagi	et	

al.,	2012[32]). However,	the	publishing	of	the	cryo-EM	structure	of	the	channel	by	Wang	et	

al[26].	(ref)	has	been	insightful	for	structural	biologists	and	crucial	for	molecular	modelers.		
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Recently	we	contributed	to	a	multi-scale	computer	modeling	pipeline	for	predicting	drug-

induced	arrhythmia	 from	drug	chemistry	starting	 from	atomic-level	 interactions	of	drugs	

with	 hERG	 channel	 to	 assess	 their	 different	 pro-arrhythmia	 outcomes[16].	 Using	 the	

umbrella	sampling		molecular	dynamics	methodology	to	determine	the	potentials	of	mean	

force	and	diffusion	coefficient	profiles	for	drug-pore	access,	we	computed	free	energies	of	

binding,	 dissociation	 constants,	Kd,	 and	 diffusion	 coefficients	 in	 the	 channel	 pore	 for	 the	

hERG	blockers	moxifloxacin	and	dofetilide	 in	different	 ionization	states.	These	data	were	

used	to	calculate	“on”	and	“off”	rates,	kon	andkoff.	These	values,	after	being	shown	to	agree	

with	 equivalent	 experimental	 values	 where	 applicable	 (such	 as	 e.g.,	 computed	 Kd	 and	

experimental	IC50	comparison)	,	were	in	turn	used	to	parameterize	functional	kinetic	Markov	

state	models	for	ion-channel	gating	that	simulated	time	and	state-dependent	channel-drug	

interactions	for	either	drug,	considering	fractions	of	ionized	and	neutral	drug	states	at	the	

physiological	 pH.	 When	 integrated	 into	 well-established	 cell	 and	 tissue	 scale	 functional	

models	of	cardiac	action	potential	propagation,	these	MD-derived	channel	–	drug	interaction	

kinetic	parameters	recapitulated	these	drugs’	divergent	risk	profiles	for	induced	arrhythmia	

vulnerability	as	measured	by	by	action	potential	durations,	beat-to-beat	variabilities,	action	

potential	triangulation	as	well	as	appearance	of	electric	potential	abnormalities	such	as	early	

afterdepolarizations[16].	

	

hERG	 is	 a	 homotetrameric	 voltage-gated	 potassium	 channel	 composed	 of	 six	

transmembrane	helices	denoted	S1	through	S6.	Transmembrane	segments	S1-S4	comprise	

the	voltage-sensing	domain	(VSD),	while	S5-S6	comprise	the	pore	domain	(PD).	The	VSD	and	
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the	PD	associate	 in	a	non-domain	swapped	manner,	meaning	the	VSD	is	adjacent	 to	a	PD	

segment	of	the	same	protein	chain	when	forming	the	homotetrameric	protein[33].	The	VSDs	

reside	within	the	lipid	bilayer,	waiting	to	undergo	a	conformational	change	in	response	to	

changes	 in	 local	 transmembrane	electrical	potential,	 thus	conveying	voltage	sensitivity	 to	

channel	gating.	This	voltage	sensitivity	is	mediated	by	five	positively	charged	amino	acids	

located	on	the	S4	helix:	K1,	R2,	R3,	R4,	and	R5.	However,	only	K1,	R2,	and	R3,	which	are	

located	towards	the	extracellular	side	of	the	VSD,	participate	in	channel	gating	[34].	A	helical-

screw	model	may	be	used	to	describe	activation	of	a	VSD	helical	screw	mechanism:	when	the	

transmembrane	electrical	potential	about	the	VSD	changes,	the	S4	helix	slides	the	length	of	

a	few	turns,	about	7	Å,	along	the	S1,	S2,	and	S3	segments,	whilst	rotating	30°	and	pivoting	

about	 a	 hydrophobic	 core.	 This	 transition	 is	 coupled	 to	 a	 lateral	movement	 of	 the	 S4-S5	

linker,	which	is	hypothesized	to	induce	a	rearrangement	of	the	PD	helices	S5	and	S6	to	result	

in	channel	opening.	For	this	to	occur,	all	four	VSDs	need	to	be	activated[35-37].	

	

Ion	conduction	occurs	 through	 the	selectivity	 filter	 (SF),	an	 interface	of	 four	demi-helical	

structures	 formed	 by	 a	 part	 of	 a	 sequence	 between	 S5	 and	 S6	 of	 the	 pore	 domain.	 The	

selectivity	 filter	 conveys	100-fold	selectivity	 for	permeating	potassium	over	 sodium	 ions,	

thus	enabling	the	coordinated	flux	of	potassium	ions	and	water	through	the	channel[26].	The	

potassium	selectivity	 is	achieved	through	the	tight	K+	coordination	by	backbone	carbonyl	

groups	of	the	SF	residues	to	provide	its	optimal	solvation,	while	also	permitting	multiple	ions	

to	 occupy	 the	 SF	 simultaneously	 at	 ordered	 positions	 called	 occupancy	 sites[26].	 This	

chemical	 mechanism,	 which	 is	 conserved	 across	 many	 potassium	 channels,	 was	 first	

determined	in	the	crystal	structure	of	the	pH-gated	bacterial	potassium	channel	KcsA[38].		
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To	achieve	sufficient	fidelity	in	this	intricate	protocol,	it	is	fundamental	that	the	models	are	

physiologically	relevant.	When	modeling	state-dependent	drug	block,	this	means	ensuring	

published	 protein	 models	 are	 in	 the	 conformational	 state	 they	 are	 declared	 to	 occupy.	

Molecular	 dynamics	 enables	 validating	 ion	 channel	 states	 by	 challenging	 model	 to	 a	

simulated	voltage[39].	By	simulating	the	recent	hERG	ion	channel	structural	model	under	

voltage,	we	can	elucidate	the	state	of	the	channel	and	identify	atomic-level	mechanisms	it	

uses	to	conduct	K+	ions.	

	

We	used	a	putative	open-state	model	of	hERG	channel	that	was	developed	using	the	cryoEM	

structure	of	hERG	(PDB	ID:	5VA2[26]	and	Rosetta	computational	modeling	[40-42]	and	later	

published	in	Yang	et	al[16].	We	applied	all-atom	molecular	dynamics	(MD)	simulations	to	

characterize	 the	 hERG	 channel	model	 stability	 and	 ion	 conduction	 at	multi-microsecond	

timescales	to	access	structural	determinants	of	ion	conduction	and	channel	inactivation.	MD	

simulations	of	the	wild-type	hERG	with	applied	750mV	in	0.15M	KCl	resulted	in	several	K+	

ion	conduction	events	that	preceded	substantial	selectivity	filter	(SF)	distortions	and	pore	

closure.	 These	 results	 were	 validated	 through	 simulations	 of	 KV1.2/2.1	 Paddle	 Chimera	

channel	 (PDB	 ID:	 2R9R[43])	 under	 identical	 conditions,	 which	 yielded	 multiple	 fast	

K+	permeation	events	along	with	an	initially	more	stable	SF.	The	same	conditions	yielded	no	

conduction	when	applied	to	a	model	of	the	fast-inactivating	S641A	hERG	mutant.	
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2.2	Methods	

2.2.1.	General	MD	simulation	setup	

	The	CHARMM-GUI	online	toolkit[44],	CHARMM[45,	46],	NAMD[47],	and	Anton	2	software	

programs	were	 used	 in	 order	 to	 build	 and	 simulate	 the	molecular	 systems.	 Each	 system	

contained	 a	 1-palmitoyl-2-oleoylphosphatidylcholine	 (POPC)	 lipid	 bilayer	 hydrated	 by	 a	

0.15	M	aqueous	KCl	solution.		The	membrane	normal	axis	was	aligned	along	the	z-axis	in	all	

cases.	 Either	 the	 hERG	 or	 Kv1.2/2.1	 channel	 were	 placed	 in	 the	 bilayer	 center	 with	 its	

aqueous	pore	aligned	with	the	membrane	normal.	For	the	S641A	mutant,	CHARMM-GUI	was	

used	 to	 add	 the	mutation.	 All	 NAMD	 simulations	 apart	 from	 ion	 conduction	 simulations	

under	applied	voltage,	were	carried	out	in	an	NPT	ensemble	with	1	atm	pressure	maintained	

by	Langevin	piston	barostat[48],	and	310K,	controlled	by	Nosé-Hoover	thermostat[49,	50].	

MD	simulations	with	an	applied	voltage	to	study	ion	conduction	were	carried	out	in	the	NVT	

ensemble.	Tetragonal	 cells	with	periodic	boundary	conditions	 (PBC)	were	used	 in	all	 the	

simulations,	and	the	SHAKE	algorithm[51]	was	employed	to	fix	the	bonds	to	all	hydrogen	

atoms,	allowing	for	the	use	of	a	2	fs		time	step.	Electrostatic	interactions	were	computed	via	

Particle	Mesh	Ewald[52],	with	a	mesh	grid	of	1	Å.		

	

2.2.2.	Refinement	of	cryo-EM	hERG	structure	

The	 3D	 coordinates	 of	 hERG	 channel	 structure	 (PDB	 ID:	5VA2)	 obtained	 via	 cryogenic	

electron	microscopy	 (cryo-EM)	 were	 used	 as	 a	 template[26].	 This	 structure	 has	 several	

unresolved	extracellular	loop	regions:	residues	434-451	(between	helices	S1	and	S2),	512-

519	 (between	 helices	 S3	 and	 S4),	 and	 578-582,	 598-602	 (in	 the	 pore	 loop	 region).	 The	
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template	was	truncated	beyond	S668	on	the	S6	helix,	eliminating	intracellular	PAS	and	C-

terminal	 domains,	 leaving	only	 the	 voltage-sensing	domain	 (VSD)	 and	pore	domain	 (PD)	

portions	for	our	study	(1,004	residues	in	total	for	the	homotetramer).	To	model	the	missing	

loop	regions,	we	used	ROSETTA	symmetry	[53]	and	de	novo	loop	modeling	protocols[40,	41,	

53].	In	this	process,	3-	and	9-mer	protein	fragments	from	structures	in	the	PDB	were	first	

obtained	using	the	Robetta	fragment	server	for	the	target	hERG	amino	acid	sequence[54].	A	

conformational	search	using	those	structural	fragments	was	performed	according	to	cyclic	

coordinate	 descent	 (CCD)	 and	 kinematic	 loop	 closure	 (KLC)	 algorithms[42,	 55].	 20,000	

initial	poses	were	generated	and	the	top	10%	were	filtered	according	to	total	energy	score.	

This	subset	of	poses	were	clustered[56]	with	a	2.0	Å	root-mean-square	deviation	(RMSD)	

cutoff,	and	a	low	scoring	structure	(-984.884	Rosetta	Energy	Units	(REU))	was	selected	from	

the	most	frequently	sampled	ensemble	of	models	to	undergo	side	chain	relaxation[41,	57],	

in	which	protein	backbone	atoms	are	 fixed	while	side	chains	are	repacked	using	rotamer	

libraries.	In	this	phase,	simulated	annealing	followed	by	gradient	minimization	of	the	protein	

side	chain	 torsional	space	was	performed,	and	resultant	poses	were	accepted	or	rejected	

based	 on	 the	Metropolis	 criterion.	 20,000	 poses	were	 again	 generated	 in	 this	 relaxation	

phase,	the	top	10%	filtered	and	clustered,	and	from	this	subset	a	low	scoring	(-1961.173	REU	

or	-1.95	REU/residue)	structure	was	selected	for	use	in	the	remainder	of	this	study	using	

Molecular	Dynamics	(MD)	simulations.	An	initial	structure	of	S641A	hERG	mutant	for	MD	

simulations	was	obtained	using	the	wild-type	channel	model	described	above	via	side	chain	

alteration	of	Ser	641	residues	of	four	protein	chains	using	UCSF	Chimera.[58]	
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2.2.3.	hERG	Model	equilibration	and	stability	
	
	The	refined	hERG	model	was	embedded	in	a	POPC	lipid	bilayer	and	solvated	with	a	150	mM	

aqueous	 KCl	 solution	 using	 CHARMM36	 all-atom	 force	 fields[59-61]	 and	 TIP3P	 water	

model[62]	using	CHARMM-GUI	web	toolkit[44].	Assembled	systems	consisted	of	~128,000	

atoms	and	were	simulated	with	NAMD	2.12[47]	at	a	constant	pressure	of	1	atm	and	at	a	

physiological	temperature	of	310	K.	The	systems	were	equilibrated	for	90	ns	using	staged,	

extended	 equilibration	 methodology	 outlined	 in	 Table	 2.1	 that	 we	 determined	 to	 be	

essential	maintaining	protein	 stability.	After	90	ns	 initial	 equilibration,	which	 is	a	 typical	

simulation	time	necessary	to	test	membrane	protein	model	structural	stability	and	relieve	

steric	 clashes	 based	 on	 previous	 ion	 channel	 simulations[63],	 	 the	 system	 was	 further	

simulated	 for	 1	 µs	 using	 Anton	 2	 software	 version	 1.27.0	 (i.e.	 achieving	 ~1.1	 μs	 total	

simulation	time).	The	channel	pore	remained	well	hydrated	and	open	during	this	simulation	

time,	with	the	pore	domain	RMSD	drifting	up	to	~3	Å	and	the	SF	RMSD	remaining	mostly	

within	~1	Å	as	can	be	seen	in	Fig.	.2.4.	The	HOLE	program[64]	was	used	to	compute	pore	

radius	profiles.	

	

2.2.4.	Voltage	application	protocol	

	After	90	ns	equilibration	MD	simulation	described	above,	 the	equilibrated	hERG	channel	

model	 in	 the	 hydrated	 POPC	 bilayer	 was	 subsequently	 used	 for	 testing	 potassium	 ion	

permeation	by	applying	transmembrane	voltage	during	multi-microsecond	simulations	on	

Anton	 2.[65]	 To	 do	 so,	 a	 uniform	 electric	 field	was	 applied	 in	 z	 direction,	 and	 it	 can	 be	

computed	as:	
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		 (Eq.	1).	

	

Where	 V	 is	 the	 voltage	 in	 mV,	 Ez	 is	 the	 z	 component	 of	 the	 electric	 field	 vector	 in	

kcal/(mol·Å·e),	and	Lz	is	the	length	of	the	unit	cell	in	z	direction	in	Å.		A	factor	of	43.5	was	

used	to	convert	from	mV/Å	to	kcal/(mol·Å·e).	To	prevent	changes	in	applied	voltage	due	to	

fluctuations	in	Lz,	the	system	was	simulated	in	the	NVT	ensemble.	A	voltage	of	+750	millivolts	

(mV)	 was	 selected	 as	 it	 was	 demonstrated	 to	 evoke	 fast	 ion	 permeation	 in	 models	 of	

KV1.2/2.1	paddle	chimera	in	a	previous	study[66].	hERG	channel	simulations	under	applied	

+750	mV	voltage	were	run	 for	5	μs	with	multiple	K+	 conduction	evens	detected	(see	Fig.	

2.3A).		Similar	simulations	were	run	for	S641A	hERG	mutant,	where	no	conduction	events	

were	 observed	 during	 the	 ~2	 μs	 simulation	 (Figs.	 2.6	 &	 2.7).	 Lipid	 membrane	

electroporation	was	 not	 observed	 during	 these	 simulations.	 A	 smaller	 applied	 voltage	 of	

+500	mV	 resulted	 in	only	 a	 single	 conduction	event	during	our	multi-microsecond	hERG	

simulations	(data	not	shown).	

	

2.2.5.	KV1.2/2.1	chimera	ion	conduction	simulations	

	The	KV1.2/2.1	chimera	model	was	similarly	evaluated	for	K+	conduction	through	application	

of	+750	mV	voltage	 in	MD	simulation	on	Anton	2	using	 the	NVT	 ensemble	and	 the	 same	

voltage	application	protocol	as	defined	above.	 	We	selected	the	KV1.2/2.1	paddle	chimera	

channel	(Protein	Data	Bank	ID:	2R9R;[43])	as	our	initial	structure,	as	it	has	been	successfully	

used	 in	 assessing	 K+	 ion	 conduction	 previously[66].	 The	 β	 subunit	 and	 tetramerization	

domains	were	removed,	as	in	that	study.	The	residue	numbering	from	the	KV1.2/2.1	chimera	

structure,	which	if	offset	by	4	from	that	in	the	KV1.2	sequence,	was	used	throughout.	This	
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truncated	structure,	henceforth	referred	to	as	the	“KV1.2/2.1	chimera”	model,	was	then	used	

to	build	an	initial	system	with	the	CHARMM-GUI	Membrane	builder	web	toolkit	[67].	This	

system	was	 then	 equilibrated	 for	 50	ns	 in	 the	NPT	 ensemble	 using	NAMD	and	 the	 same	

parameters	and	conditions	as	specified	above	in	the	General	MD	Simulation	Setup	section.	In	

total,	the	system	contained	~127,000	atoms,	including	72	potassium	ions,	64	chloride	ions	

for	charge	neutralization	and	providing	a	physiological	0.15	M	salt	concentration,	and	a	lipid	

bilayer	of	281	POPC	lipids.	The	system	was	subsequently	run	in	the	NVT	ensemble	on	Anton	

2	for	5	μs.	Voltage	was	applied	using	the	protocol	described	above,	but	with	the	different	

electric	field	strength	Ez	scaled	to	account	for	a	new	unit	cell	height	Lz	and	ensure	the	same	

transmembrane	voltage	of	+750	mV.	

	

2.2.6.	Counting	permeating	K+	ions	during	channel	conduction	simulations	

	Conduction	for	both	the	hERG	and	Kv1.2/2.1	chimera	models	was	evaluated	using	the	same	

protocol,	wherein	ion	z-coordinate	positions	with	respect	to	channel	selectivity	filter	(SF)	

backbone	center	of	mass	(COM)	were	recorded	and	flagged	for	their	presence	within	the	ion	

channel	pore,	and	filtered	for	ion	z-coordinate	positions	for	plotting.	 	In	this	protocol,	the	

whole	system	was	re-centered	with	respect	to	the	COM	of	the	channel.	Then,	for	every	ion	

and	frame	of	the	simulation,	the	xy	component	of	the	position	vector	of	a	particular	ion	was	

recorded	as	a	radial	distance	from	the	z-axis.	These	radii	along	with	ion	z-positions	were	then	

used	to	determine	individual	ion	localization	with	respect	to	the	channel	pore,	per	ion	and	

per	frame:	when	this	xy	component	was	less	than	10	Å,	a	distance	inclusive	to	the	entirety	of	

the	channel’s	conductive	pathway,	and	the	z-coordinate		of	the	ion	resided	within		z	bounds	

encompassing	the	entire	channel,	then	the	particular	ion	z-coordinate	position	was	flagged	
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as	residing	in	the	pore.	The	bounds	used	were	as	follows:	hERG	channel:	-35≤	z	≤	30	Å;	for	

KV1.2/2.1	 chimera	 channel:	 -16	 ≤	 z	 ≤	 20	 Å.	 Only	 flagged	 z-positions	 were	 plotted	 in	 K+	

conduction	time	series	(Figs.	2.1,	2.3A,	&	2.7),	and	permeation	events	were	counted	from	

the	resultant	plots.	

	

2.2.7.	Pore	hydration	measurements	

To	measure	pore	hydration,	a	VMD	script	was	used	to	record	the	number	of	water	molecules	

occupying	the	ion	channel	pore	cavity	at	a	given	simulation	time.	The	pore	cavity	was	defined	

as	the	region	of	the	ion	channel	from	the	bottom	of	the	S6	helix	to	the	base	of	the	selectivity	

filter,	 incorporating	the	“cavity”	(“S5”)	 ion	position	 formed	by	the	hydroxyls	of	Ser624	of	

hERG	or	Thr370	for	KV1.2/2.1	chimera.	Water	molecules	were	counted	if	they	were	within	a	

cylindrical	selection	defined	to	include	the	whole	pore	cavity.	This	cylinder	had	a	radius	of	

10	Å,	 a	 base	 parallel	 to	 the	membrane,	 and	 a	 height	 equal	 to	 the	 distance	 between	 the	

selectivity	filter	and	the	bottom	of	the	S6	helix.	Prior	to	measuring	pore	hydration,	the	entire	

system	was	re-centered	about	the	center	of	mass	of	the	selectivity	filter.	

	

2.2.8.	Selectivity	filter	residue	j	and	y	measurements	

	Protein	 backbone	 torsional	 angles	 (j	 	 and	 y)	 were	 measured	 for	 the	 selectivity	 filter	

residues	624SVGFG	(hERG)	or	370TVGYG	(KV1.2/2.1	chimera)	using	VMD’s	Timeline	plugin.		
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2.3	RESULTS		

2.3.1.	Equilibration	and	validation 

We	sought	to	develop	an	open,	conducting	model	of	the	hERG	based	on	the	published	cryo-

EM	structure[26].		This	was	achieved	by	rebuilding	missing	loop	residues	using	Rosetta	(see	

Methods)	 thus	constructing	a	complete	model	of	 the	hERG	pore	domain	(PD)	and	voltage	

sensing	domains	(VSD)	and	tested	the	ability	of	this	channel	model	to	conduct	K+	ions	in	MD	

simulations.		After	an	extended	stage	system	equilibration	(see	Table	2.1),	we	performed	a	

~1	 µs-long	unbiased	MD	simulation,	which	revealed	that	the	PD	remained	open	with	a	pore	

radius	of	~4	Å	near	intracellular	activation	gate,	well	hydrated	and	deviating	from	the	initial	

structure	by	less	than	3	Å	(Fig.	2.2).		As	expected,	we	did	not	observe	ion	conduction	events	

in	this	simulation	running	at	zero	voltage.	

	

2.3.2.	hERG	channel	model	K+	conduction	under	applied	voltage	

We	observed	multiple	K+	ion	conduction	events	during	an	unrestrained,	multi-µs	MD	

simulation	with	an	electric	potential	of	750	mV	(positive	inside)	continuously	applied	along	

the	z-axis	of	the	system,	corresponding	to	the	membrane	normal,	as	shown	in	Fig.	2.1A.	The	

representative	molecular	snapshot	of	this	open	conducting	hERG	channel	model	in	Fig.	2.1A	

demonstrates	an	open	and	solvent-accessible	pore,	while	 ions	within	 the	selectivity	 filter	

(SF)	have	adopted	 the	canonical	positions	 in	an	alternating	 “water-ion-water”	orientation	

with	ions	at	sites	S1,	S3	and	cavity.	Several	frames	from	a	representative	conduction	event	

of	a	K+	ion	(brown	ball)	across	the	SF	are	shown	in	Fig.	2.1B,	with	other	ions	also	colored	to	
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match	ion	z-position	traces	from	Fig.	2.1C.		Ten	conduction	events	through	the	channel	were	

observed	in	~5	 µs	total	simulation	time	(Fig.	2.3),	seven	of	which	occurred	within	a	0.3	μs	

timespan,	shown	in	Fig.	2.3C.		The	ion	SF	transitions	that	facilitate	conduction	depicted	by	

the	brown	ion	are	mediated	by	both	water-mediated	or	“soft”	(t	=	0.478	μs)	and	direct	or	

“hard”	(t	=	0.490	μs)	knock-on	events	shown	in	Fig.	2.3B.		K+	conduction	ceases	after	1.75	

μs,	coinciding	with	a	marked	reduction	in	the	channel	pore	diameter	and	consequently	pore	

dehydration	(Figs.	2.3	&	2.4).	

Seven	conduction	events	occurred	between	t	=	0.3	µs	to	and	0.7	µs	and	are	shown	in	

more	detail	in	Fig.	2.1	K+	ions	having	a	z-coordinate	(with	respect	to	the	SF	backbone	center	

of	mass)	in	the	range	-25	£	z	£	4	Aw 	were	defined	as	residing	in	the	pore	cavity.	K+	ions	within	

the	SF	predominately	occupied	 the	 [S1	S3]	state,	corresponding	 to	z	=	–4	Aw 	and	z	=	+4	Aw 	

coordinates	 respectively.	 The	 [S2	 S4]	 K+	 occupancy	 state	 occurred	 transiently	 and	 only	

coincidentally	with	the	escape	of	an	ion	from	S1.	Both	direct	(“hard”)	and	water-mediated	

(“soft”)	knock-on	conduction	events	were	observed.	

The	cessation	of	conduction	after	t	=	0.7	µs	coincides	with	the	elimination	of	the	S1	

occupancy	site	and	SF	pinching	at	the	S2	site,	which	was	measured	as	the	respective	increase	

in	opposing	chain	C⍺	distances	for	Gly628	and	decrease	in	C⍺	distances	for	Gly626	(see	green	

and	blue	traces	in	Fig.	2.4B).	The	three	remaining	conduction	events	occurred	from	t	=	1.4	

µs	to	1.7	µs	during	closure	of	the	pore	at	the	intracellular	gate,	coinciding	with	a	marked	

reduction	in	the	channel	pore	diameter	and	consequently	pore	dehydration	(Fig.	2.4C).		
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2.3.3.	Selectivity	filter	conformation	and	its	effect	on	ion	conduction	

Conduction	 events	were	preceded	and	accompanied	by	marked	 changes	 in	 the	 SF	

conformation	as	shown	in	Fig.	2.4A&B.	During	the	0.300	µs	conduction	interval,	the	Gly628	

and	 Phe627	 residues	 of	 the	 SF	 adopted	 a	 flipped	 confirmation	 in	 which	 their	 carbonyl	

oxygens	coordinated	with	water	molecules	located	behind	the	SF,	as	opposed	to	those	in	the	

S1	and/or	S0	sites.	This	consequently	widened	the	top	of	selectivity	 filter,	preventing	 ion	

occupancy	 of	 the	 S0	 site,	 potentially	 facilitating	 escape	 of	 K+	 from	 S1.	 As	 a	 result,	 the	

arrangement	of	ion	occupancy	states	transitioned	predominantly	from	the	“cavity,	S3,	and	

S1	state”	to	“cavity	and	S3	state”	throughout	the	ion	permeation	simulations.		

During	 the	 two	 periods	 of	 conduction,	 the	 j	 and	y	 backbone	 dihedral	 angles	 of	

Gly628,	 the	 top-most	 SF	 residue,	 exhibited	 60	 to	 120-degree	 fluctuations	 and	 adopted	

asymmetrical	 conformations	 (Fig.	 2.4C).	 In	 contrast,	 the	 non-conducting	 period	 of	 the	

simulation	was	 associated	with	 a	 120-degree	mostly	 systematic	 shift	 in	 Gly628	j	 and	y	

angles	from	the	initial	values	(Fig.	2.4A)	corresponding	to	elimination	of	the	S1	site.		

2.3.4.	KV1.2/2.1	chimera	model	K+	conduction	under	applied	voltage	

	 The	KV1.2/2.1	paddle	chimera	channel	(Fig.	2.1D)	is	a	well-studied	model	that	has	

been	 shown	 to	 conduct	 K+	 ions	 in	 MD	 simulations	 under	 applied	 voltage	 [66,	 68].	 Our		

KV1.2/2.1		model	was	similarly	induced	to	conduct	by	applying	+750mV	with	0.15M	KCl.	Fig.	

2.3B	is	the	entire	5.05	µs	trajectory	demonstrating	multiple	ion	conduction	events.	KV1.2/2.1	
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model	conducts	early	on:	9	K+	ions	were	observed	to	permeate	from	0.050	µs	to	0.350	µs,	

adopting	either	an	[S1	S3]	or	[S2	S3]	ion	occupancy	arrangement	in	the	SF.		

The	pore	of	the	Kv1.2/2.1	model	remained	open	for	a	longer	duration	than	the	hERG	

model	pore	and	avoided	hydrophobic	collapse,	as	 indicated	by	their	respective	pore	radii	

profiles	produced	by	HOLE	program	(cf.	right	panels	in	Fig.	2.3A&B).	However,	there	was	

substantial	 disordering	 of	 the	 K+	 ion	 SF	 sites	 S0-S4	 by	 the	 end	 of	 the	 simulation	

corresponding	to	SF	collapse,	which	occurred	by	4.3	μs,	resulting	in	a	~0.8	μs	of	ultra-rapid	

uncontrolled	conduction.	This	period	is	visually	apparent	in	the	backbone	torsional	angles	j	

and	 y	 plots	 of	 the	 SF	 residues	 in	 Fig.	 2.5A.	 This	 collapsed	 state	 was	 preceded	 by	 an	

asymmetrical	 increase	 in	SF	Thr370	C⍺	 ...	C⍺	by	1	 to	3	Aw 	 and	pronounced	SF	pinching	at	

Gly372	 position,	 i.e.,	 the	 SF	 center	 (Fig.	 2.5B).	 These	 factors	 define	 the	 non-conducting,	

locked	state	in	which	ions	are	located	solely	at	S4	site	from	3.2	–	4.3	μs	(Fig.	2.3B).	One	factor	

to	consider	is	what	role	the	rapid	dehydration	of	the	pore	cavity	at	t=2.9	μs	(Fig.	2.5C)	has	

in	 establishing	 the	 conditions	 that	 facilitated	pore	 collapse	during	 the	 last	portion	of	 the	

simulation.		

Prior	to	this	collapse,	there	was	a	longer	period	of	non-conductivity.	This	period	began	with	

SF	dehydration	and	pinching	at	Gly374	starting	at	about	0.4	μs	(green	traces	in	Fig.	2.5B).	

After	this	time,	K+	ions	were	locked	in	the	[S2	S3]	occupancy	arrangement	that	was	favorable	

to	conduction	earlier	in	the	simulation	(Fig.	2.3B).	However,	there	was	also	a	reduction	in	

pore	hydration	(Fig.	2.5C)	after	0.4	μs	in	comparison	to	the	initial	conducting	phase	that	may	

contribute	to	non-conduction.	Interestingly,	the	KV1.2/2.1	model	had	fewer	fluctuations	in	
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SF	j	and	y	angles	and	C⍺	...	C⍺	distances	than	in	hERG	channel	model	during	their	respective	

periods	 of	 conduction,	 suggesting	 that	 non-conduction	 in	 the	 KV1.2/2.1	 model	 is	

predominantly	 due	 to	 the	 pore	 temporarily	 and	 partially	 closing,	 as	 opposed	 to	 SF	

rearrangement	 observed	 in	 the	 hERG	 model.	 However,	 whether	 the	 structural	

rearrangements	of	different	partially	dehydrated	pore	conformations,	and	changes	in	a	SF	

geometry	we	observed	represent	a	particular	ion	channel	state	remain	unclear	and	would	

require	a	separate	study	beyond	the	scope	of	this	work.		

2.2.5.	The	S641A	mutant	of	hERG	does	not	conduct	

The	S641A	mutation	 is	 located	behind	 the	 selectivity	 filter	 (Fig.	2.6)	 and	 is	known	 to	be	

associated	with	hERG	channel	 facilitated	 inactivation	 [69].	Water-separated	K+	 ions	were	

placed	 in	 the	 selectivity	 filter	 according	 to	 their	 presentation	 in	 the	 original	 WT	 hERG	

channel	model	(see	above),	thus	they	occupy	a	soft	knock-on	conformation.	The	potassium	

ions	trapped	within	the	selectivity	filter	at	[S2	S3]	undergo	significant	position	adjustments	

during	 equilibration	 voltage-free	 MD	 simulation	 but	 are	 exceptionally	 stable	 during	 the	

applied-voltage	 portion	 of	 the	 simulation	 (Fig.	 2.7A).	 The	 selectivity	 filter’s	 backbone	

torsional	angles	are	remarkably	static	(Fig.	2.7B).	in	comparison	to	periods	of	conduction	

from	the	wild-type	system	(Fig.	2.4A).	The	mutant	channel’s	C⍺	...	C⍺	distances	are	similarly	

stable.	 Lastly,	 this	 channel	 undergoes	 a	 gradual	 decline	 in	 pore	 water	 coordination,	

indicating	dehydration	and	potential	collapse.	
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2.4	Discussion	
	
We	observed	70%	more	conduction	events	per	unit	time	in	the	KV1.2/2.1		runs	than	in	hERG	

channel	conduction	runs.	Interestingly,	this	difference	is	in	line	with	hERG	and	KV1.2	single-

channel	conductance	observed	experimentally	(12.1-13.5	pS	for	hERG[68,	70]		and	14-18	pS	

for	KV1.2[71]),	although	 the	 small	number	of	 such	events	was	not	 sufficient	 to	draw	any	

quantitative	conclusions.		

	

Moreover,	we	also	observed	long	refractory	periods	in	both	hERG	and	the	KV1.2/2.1	channel	

simulations	(Fig.	2.1E	and	Fig.	2.3).			They	are	correlated	with	pinching	of	the	middle	or	top	

of	the	SF	for	hERG	and	KV1.2/2.1,	respectively,	which	is	evident	by	examining	time	series	of	

distances	 between	 corresponding	 Gly	 residues	 (626	 for	 hERG	 and	 374	 for	 KV1.2/2.1),	

depicted	 in	Figs	2.4	&	2.5.	 	 Interestingly,	we	observed	top	of	 the	SF	pinching	and	no	 ion	

conduction	events	in	~2	µs	long	simulations	of	S641A	mutant	of	hERG	under	750	mV	applied	

voltage	(see	Figs.	2.6	&	2.7).	This	mutant	is	known	to	facilitate	channel	inactivation[69],	and	

thus	such	pinching	could	potentially	be	related	to	C-type	inactivation,	although	simulation	

time	scales	are	drastically	smaller.	 It	 is	worth	exploring	the	 interaction	networks	and	the	

role	of	water	around	the	SF	region,	as	an	alanine	mutation	may	affect	the	ability	of	water	to	

coordinate	behind	the	selectivity	filter.	 	Importantly,	the	absence	of	conduction	events	for	

this	 hERG	 mutant	 indicates	 that	 even	 at	 high	 voltages	 used	 in	 our	 simulations	 we	 can	

distinguish	between	conducting	and	non-conducting	channel	states.	
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The	 manner	 in	 which	 conduction	 ceases	 and	 resumes	 prior	 to	 pore	 collapse	 is	 of	 note.	

Restoration	 of	 the	 conductive	 selectivity	 filter	 state	 at	 t	 =	 1.400	 μs	 was	 mediated	 by	

subsequent	knock-on	events,	the	first	of	which	results	in	an	[S3	S4]	ion	arrangement	(Fig.	

2.3A).	This	arrangement	widened	the	S2	site	to	make	it	accessible	to	water.	Once	the	S2	site	

was	 solvated	 from	 the	 extracellular	 side,	 a	 subsequent	 knock-on	 attempt	 induced	 the	

blocking	K+	ion	at	S3	site	to	transition	to	S1.	This	allowed	for	the	S2	position	to	be	filled	with	

an	extracellular	water.		

The	movement	of	the	selectivity-filter-blocking	ion	across	collapsed	region	of	the	hERG	SF,	

and	the	reintroduction	of	water	to	S2	induced	rotations	in	Gly626	and	Phe627,	resulting	in	a	

state	 that	resembles	 the	original	conducting	orientation,	and	conduction	resumed	briefly.	

However,	the	pore	cavity	narrowed	substantially	by	1.4	µs,	and	coincided	with	reduced	pore	

solvation,	and	further	conduction	ceased	(Fig.	2.4C).	The	pore	radius	at	the	intracellular	gate	

was	 substantially	 reduced	 beyond	 this	 point	 (Fig.	 2.3A)	 indicating	 channel	 pore	

hydrophobic	collapse.	The	S641A	mutant	similarly	undergoes	hydrophobic	collapse	within	

two	microseconds.	This	contrasts	to	the	multiple	microseconds	wherein	the		KV1.2/2.1	pore	

is	open	and	solvent	accessible.	Further	analysis	is	warranted	to	understand	this	behavior	in	

the	hERG	channel	models,	and	additional	conduction	simulations	using	restraints	exclusively	

within	 the	 hERG	 channel	 pore	 should	 be	 considered	 when	 trying	 to	 access	 maximal	

conductance.	
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2.4.1.	Future	Directions	

As	hERG	channel	inactivation	is	crucial	to	its	physiological	function,	and	many	drugs	prefer	

inactivated-state	 binding,	 a	molecular	model	 of	 inactivated	hERG	 channel	 is	 essential	 for	

advancing	the	field	of	predictive	computational	safety	pharmacology.	A	recent	work	by	Asai	

et	al.	presents	two	new	cryo-EM	models	of	hERG	channel:	one	in	a	possibly	non-conducting	

inactivated	 conformation	 (PDB	 ID:	 7CN0)	 and	 another	 bound	 to	 the	 hERG	 blocker	

astemizole(PDB	ID:	7CN1)[72].The	authors	allude	to	a	reorientation	of	the	F627	residue	of	

the	selectivity	 filter	as	affecting	conduction.	 It	 is	a	 curious	proposition;	our	 findings	here	

suggest	 that	 F627	 residues	 on	 opposing	 domains	 adopt	 the	 same	 φ	 angles	 which	 are	

different	 those	 of	 the	 adjacent	 domains.	 When	 examining	 the	 first	 few	 hundred	

microseconds,	it	seems	that		φ	angles	do	not	fluctuate	during	periods	of	conduction	but	adopt	

similar	 orientations	 during	 nonconduction	 (Fig.	 2.4A).	 During	 conduction	 ψ	 fluctuates	

minimally.	 Given	 these	 findings,	 the	 next	 step	will	 be	 to	 simulate	 this	 new	model	 under	

identical	conditions,	with	a	particular	focus	on	the	role	of	F627	to	assess	whether	this	model	

similarly	 conducts.	 The	 importance	of	 this	 residue	has	been	previously	demonstrated	by	

others[73,	74].	Ultimately,	F627	backbone	orientations	should	inform	restraints,	and	may	

aid	 in	 replicating	 maximal	 conductance	 of	 hERG	 in	 future	 simulations	 and	 inducing	

inactivation	in	both	cryo-EM	models	should	be	the	first	step	in	future	investigations.	
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Table	2.1.	Restraint	regime	for	hERG	MD	equilibration	simulations.	
	

Time,	
Ns	

Restraint,	
Kcal/mol/	Å2	

Protein	
Domain	

1-5	 1.0	 Backbone	

5-10	 1.0	 Pore	Domain	

10-15	 0.5	 Pore	Domain	

15-20	 0.25	 Pore	Domain	

20-30	 0.1	 Pore	Domain	

30-40	 0.1	 Selectivity	
Filter	
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Figure	2.1.	K+	conduction	of	open-state	hERG	and	KV1.2/2.1	chimera	channel	models	
under	 an	 applied	 750	mV	 voltage.	 	 0.3	 μs	 fragments	 of	 5	 μs	 trajectories,	 where	most	
conduction	events	took	place,	are	shown.	(a,	d)	Initial	frames	in	these	fragments	(t	=	0.300	
and	0.051	μs,	 respectively)	 showing	 two	opposite	 protein	 chains	 (green	 ribbons	with	 SF	
S624-G628,	 S6	 helix	 Y652	 and	 F656	 residues	 for	 hERG	 and	 SF	 T370-G374	 residues	 for	
KV1.2/2.1	shown	as	 sticks	with	 red	O	and	blue	N),	 	 pore	 ions	 (colored	balls)	 and	waters	
(red/white).	(b,	e)	Close-up	views	of	the	channel	SF	in	the	same	representation	at	different	
time	points,	showing	a	complete	translocation	of	one	ion	(brown	or	gray	ball,	respectively),	
indicated	by	an	arrow.	(c,	f)	Time	series	of		ion	z-positions	(with	respect	to	the	SF	backbone	
center	 of	mass).	 Colors	 of	 the	 z	 profiles	match	 those	 of	 the	 ions	 in	 panels	a,	b	 and	d,	e.		
Portions	of	the	profiles	corresponding	to	snapshots	in	panels	b	and	e		are	indicated	with	an	
asterisk.		
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Figure	2.2.		Stability	of	open	state	hERG	model.	(a)	Molecular	system	snapshot	at	the	end	
of	1	μs	unbiased	MD	simulation.	Two	opposing	hERG	subunits	are	shown.	Protein	backbone	
is	shown	as	green	ribbons	(with	SF	S624-G628,	S6	helix	Y652	and	F656	residues	shown	as	
sticks),	lipid	headgroups	as	orange	balls,	lipid	tails	as	grey	thick	sticks,	SF	atoms		shown	as	
colored	sticks,	K+	ions	as	purple	and	Cl-	ions	as	cyan	balls,	pore	waters	as	red/white	spheres.	
Bulk	water	is	not	shown	for	clarity.		(b)	Protein	Ca	root-mean-square	deviation	(RMSD)	time	
series	broken	down	by	domain.	(c)	pore	radius	profiles	at	selected	time	points.		
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Figure	 2.3.	 Complete	 time	 series	 of	 K+	 pore	 positions	 in	 hERG	 (a)	 and	 KV1.2/2.1	
chimera	(b)	channel	models	under	an	applied	750	mV	voltage	and	corresponding	pore	
radius	 profiles.	 Left:	 Individual	 K+	 z-coordinate	 positions	 (colored	 traces)	 for	 the	 full	
duration	of	the	~5	μs	MD	simulations.	z-coordinate	positions	of	SF	K+	ion	occupancy	sites	
are	denoted	with	canonical	S0-S4	notation,	as	is	the	location	of	the	intracellular	gate.	Right:	
pore	radii	of	the	channel	models	measured	at	5	timepoints	to	reflect	pore	narrowing	and/or	
elimination	of	SF	ion	occupancy	sites.	
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Figure	2.4.	Structural	analysis	of	hERG	from	MD	simulations	under	applied	750	mV	
voltage.	(a)	Left:	 Time	series	of	j	and	y		protein	backbone	dihedral	angles	of	SF	residues	
SVGFG.	Right:	Graphical	representation	of	j	and	y	dihedral	angles	in	the	SF.	(b)	Left:	Time	
series	of	distances	between	protein	backbone	Ca	atoms	between	SF	residues	in	the	opposing	
chains.	Right:	Depiction	of	 the	distances	being	measured,	with	protein	chains	“A”	and	“B”	
opposite	to	“C”	and	“D”,	respectively.	(c)	Left:	Time	series	of	pore	hydration	as	measured	by	
number	of	water	molecules	within	the	pore.	Right:	Snapshot	of	pore	hydration	at	the	final	
simulation	frame	(t	=	5.090	μs).	Relevant	water	molecules	occupying	pore	are	colored	blue	
and	correspond	to	the	plotted	quantity	on	the	left.	Water	molecules	behind	SF	are	red/white.	
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Figure	 2.5.	 Structural	 analysis	 of	 KV1.2/2.1	 chimera	 from	 MD	 simulations	 under	
applied	750	mV	voltage.	(a)	Left:	 Time	series	of	j	and	y		protein	backbone	dihedral	angles	
of	SF	residues	TVGYG.	Right:	Graphical	representation	of	j	and	y	dihedral	angles	in	the	SF.	
(b)	Left:	Time	series	of	distances	between	protein	backbone	Ca	atoms	between	SF	residues	
in	the	opposing	chains.	Right:	Depiction	of	the	distances	being	measured,	with	protein	chains	
“A”	and	“B”	opposite	to	“D”	and	“C”,	respectively.	(c)	Left:	Time	series	of	pore	hydration	as	
measured	by	number	of	water	molecules	within	the	pore.	Right:	Snapshot	the	lowest	degree	
of	pore	hydration	(t	=	2.998	μs)	as	measured	by	water	molecules	within	the	pore.	Relevant	
water	 molecules	 occupying	 pore	 are	 colored	 light-blue	 and	 correspond	 to	 the	 plotted	
quantity	on	the	left.	Water	molecules	behind	SF	are	red/white.	
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Figure	2.6.	K+	pore	positions	for	S641A	hERG	mutant	channel	model	under	an	applied	
750	mV	 voltage.	 A)	Representative	 frame	 showing	 two	 opposite	 protein	 chains	 (green	
ribbons	with	SF	S624-G628,	S6	helix	Y652	and	F656	residues	shown	as	sticks	with	red	O	and	
blue	N,	mutated	Ala	641	residue	shown	as	cyan	in	a	space-filling	representation),pore	ions	
(colored	spheres)	and	waters	(red/white).	Inset	on	the	right	shows	closed-up	view	with	SF	
pinched	 at	 the	 top	 clearly	 visible.	 B)	 Close-up	 views	 of	 the	 channel	 SF	 in	 the	 same	
representation	 at	 different	 time	 points,	 showing	 no	 K+	 ion	 translocation	 for	 this	 hERG	
channel	mutant	during	a	2	μs	simulation	with	applied	750	mV	voltage.	
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Figure	 2.7.	 Structural	 analysis	 of	 S641A	 hERG	 channel	 mutant	 model	 from	 MD	
simulations	under	applied	750	mV	voltage.	(a)	Time	series	depicting	z-positions	of	K+	
ions	 (with	 respect	 to	 SF	 backbone	 center	 of	mass)	 in	 the	 channel	 pore	 indicates	 no	 ion	
conduction	 in	~2	μs.	 (b)	  Time	series	of	j	 and	y	 protein	backbone	dihedral	 angles	of	SF	
residues	SVGFG	for	each	chain.	(c)	Time	series	of	distances	between	protein	backbone	Ca	
atoms	between	SF	residues	 in	the	opposing	chains	(“AC”	or	“BD).	(d)	Time	series	of	pore	
hydration	as	measured	by	a	number	of	water	molecules	within	the	pore.		
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Chapter	3.	Molecular	Determinants	of	Pro-Arrhythmia	Proclivity	of	d-	and	l-Sotalol	
via	a	Multi-Scale	Modeling	Pipeline	
	
	
Acknowledgements:	This	chapter	is	comprised	of	the	following	published	paper:	DeMarco	

et	al.,	Molecular	determinants	of	pro-arrhythmia	proclivity	of	d-	and	 l-sotalol	via	a	multi-

scale	modeling	 pipeline,	 Journal	 of	 Molecular	 and	 Cellular	 Cardiology,	 Volume	 158,	 Sept.	

2021,	 Pages	 163-177,	 ISSN	 0022-2828,	 doi:	 10.1016/j.yjmcc.2021.05.015.	 It	 is	 freely	

available	on	PubMed	central,	PMCID:	PMC8906354.	

	

My	contributions	to	this	immense	work	are	confined	to	the	characterization	of	hERG	channel	

interactions	 with	 d-	 and	 l-sotalol	 in	 unbiased	 drug	 flooding	 and	 enhanced	 sampling	

molecular	 dynamics	 (MD)	 simulations.	 I	 performed	 analyses	 of	 drug	 flooding	 MD	

simulations,	assessed	the	effectiveness	of	drug	orientation	and	conformation	sampling	for	

umbrella	 sampling	 MD	 (US-MD)	 and	 Hamiltonian	 replica	 exchange	 US-MD	 (HREUS-MD)	

simulations,	 examined	 residue-level	protein	–	drug	 interactions	within	 the	hERG	channel	

pore,	and	produced	figures	of	these	findings.	This	includes	making	figures	3.2,	3.3B,	and	3.4D.	

I	did	not	however	setup	or	run	those	simulations,	nor	did	I	calculate	kinetic	parameters	used	

in	the	functional	scale	modeling,	which	is	the	work	of	the	first	author,	Dr.	Kevin	DeMarco.	My	

other	contributions	are	available	within	the	Supplemental	Materials	1	and	include	figures	

S7-S11,	 and	 S15.	 Supplementary	materials	 can	 be	 found	with	 the	 publication	 on	 Science	

Direct:	

https://www.sciencedirect.com/science/article/pii/S0022282821001097	
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3.1.	Introduction	

Drug	stereoisomers	are	increasingly	viewed	as	potentially	useful	means	to	develop	and	test	

pharmacological	agents	[75,	76]	due	to	potentially	more	potent	and/or	selective	action	on	

their	 intended	protein	 	 targets.	 Stereoisomerism	also	plays	a	 crucial	 role	 in	drug	 toxicity	

profiles	with	enantiomers	possessing	different,	on-	and	off-target	effects	and	capacities	for	

metabolic	degradation	[77].		This	phenomenon	is	well-described	in	the	drug-induced	cardiac	

toxicity	 [78]	 for	 commonly	used	drugs	 including	an	opioid	methadone	 [79,	80],	 	 an	 anti-

malarial	 drug	 quinine	 and	 its	 diastereomer	 quinidine	 [81,	 82],	 the	 local	 anesthetics	

bupivacaine	and	ropivacaine	[83-87]	as	well	as	for	the	calcium	channel	blocker	verapamil	

used	in	the	context	of	cancer	chemotherapy	[88,	89].		

	

A	 fascinating	 and	 puzzling	 example	 of	 isomerism	 to	 impact	 cardiac	 safety	 is	 the	

antiarrhythmic	sulfonamide	drug	sotalol.	The	d-isomer	was	infamously	shown	in	the	SWORD	

(Survival	With	ORal	D-sotalol)	 clinical	 trial	 [17]	 to	 increase	mortality	 and	 risk	of	 sudden	

cardiac	death	in	patients,	leading	to	its	withdrawal	[4].	The	racemic	mixture	comprising	d-	

and	l-sotalol,	however,	is	widely	used	as	an	effective	antiarrhythmic	–	although	not	entirely	

without	risk	[11,	90-100].	For	instance,	a	prevalence	of	torsades	de	pointes	(TdP)	arrhythmia	

was	estimated	 to	be	0.1–7%	depending	on	 therapeutic	doses,	 sex	(significantly	 larger	 for	

women)	and	 co-morbidities	 [99,	101-106].	The	apparent	disparity	 in	 cardiac	 risks	of	 the	

racemic	mixture	 compared	 to	 a	 pure	 d-enantiomer	 could	 be	 attributed	 to	 differences	 in	

interactions	 between	 sotalol	 stereoisomers	 and	 cardiac	K+	 channel	 proteins,	 or	 from	 the	

higher	 efficacy	 of	 l-sotalol	 to	 act	 as	 a	 beta-blocker	 [107-111].	 Here,	 we	 developed	 a	

multiscale	 approach	 combining	 cellular	 and	 tissue	 functional	 kinetic	 modeling	 with	
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atomistic	simulations	and	experiments	to	reveal	the	specific	ion	channel	interactions	with	d-	

and	 l-sotalol	 and	 unveil	 elusive	 molecular	 mechanisms	 underlying	 stereospecificity	 of	

arrhythmia	provoking	drug-induced	cardiotoxicity.				

	

Cardiotoxicity	in	the	form	of	abnormal	heart	rhythm	is	one	of	the	most	critical	regulatory	

concerns	for	drugs	and	has	resulted	in	withdrawal	of	a	number	of	therapeutic	agents.		Drug-

induced	arrhythmia	has	been	estimated	to	affect	pharmaceuticals	from	multiple	drug	classes	

[112],	with	an	estimated	3%	of	all	prescription	drugs	worldwide	harboring	pro-arrhythmic	

side	effects	[113].	Indeed,	cardiotoxicity	is	one	of	the	leading	causes	of	drug	attrition	[1],	and	

accounts	 for	 22-28%	 of	 US	 post-marketing	 drug	 withdrawal	 [2].	 The	 problem	 of	

cardiotoxicity	has	even	plagued	drugs	 intended	 to	 treat	arrhythmias	 like	sotalol	 [4,	114].	

Such	deleterious	drug	side	effects	have	been	 linked	to	blockade	of	 the	potassium	current	

through	 the	 cardiac	 ion	 channel	 protein	 KV11.1,	 encoded	 by	 the	 human	Ether-à-go-go-

Related	Gene	(hERG)	[27,	28,	115].	Block	of	cardiac	hERG	current	(IKr),	causes	prolongation	

of	 the	QT	interval	on	the	surface	electrocardiogram	(ECG),	sometimes	causing	potentially	

deadly	 arrhythmias	 [3,	 27,	 116].	While	 not	 all	 hERG	block	 and	QT	 prolongation	 leads	 to	

increased	risk	of	arrhythmia,	there	is	no	reliable	method	to	distinguish	unsafe	hERG	blockers	

from	safe	drugs	[117,	118],	which	hinders	the	pharmacological	assessment	of	cardiotoxicity	

and	may	lead	to	attrition	of	safe	and	effective	pharmaceuticals.		

	

A	 recently	 proposed	 Comprehensive	 in	 Vitro	 Proarrhythmia	 Assay	 (CiPA)	 initiative	 is	

intended	to	address	this	need	by	improving	predictions	of	drug	pro-arrhythmia	proclivities	

through	the	combination	of	multi-scale	modeling	and	in	vitro	experimental	assays	[14,	119].	
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However,	the	CiPA	platform	does	not	yet	provide	a	ready-to-go	recipe	on	how	to	predict	drug	

arrhythmogenicity.		The	example	of	sotalol	discussed	in	this	study,	where	two	stereoisomers	

have	 different	 pro-arrhythmia	 proclivities,	 is	 especially	 challenging.	 Atomistic	 molecular	

dynamics	(MD)	simulations	of	hERG	–	drug	interactions,	which	we	employed	here,	can	be	

used	 to	 help	 identify	 stereoselective	 protein	 –	 drug	 interactions	 [120,	 121]	 and	 thus	

molecular	 determinants	 of	 drug-induced	 arrhythmogenesis.	 However,	 since	 cardiac	

arrhythmia	is	an	emergent	phenomenon,	manifesting	at	the	cardiac	tissue	and	whole	heart	

scales	 [122-125],	 we	 set	 out	 to	 create	 a	 link	 between	 atomistic-scale	 protein	 and	 drug	

structure-based	 MD	 simulations	 and	 functional	 kinetic	 simulations	 of	 cardiac	 cells	 and	

tissue.	Recently,	we	developed	such	an	integrative	computational	modeling	approach	that	

spans	scales	from	the	atom	to	the	cardiac	rhythm	and	were	able	to	accurately	predict	pro-

arrhythmia	proclivities	for	dofetilide	and	moxifloxacin,	hERG	blockers	with	different	cardiac	

safety	profiles	and	directly	link	them	to	clinical	data	[16].			

	

Here,	we	set	out	to	investigate	and	reveal	the	stereospecific	molecular	mechanisms	of	d-	and	

l-sotalol	causing	ventricular	arrhythmogenesis	by	applying	a	multi-scale	modeling	pipeline	

from	the	atomistic	to	the	tissue	scale.		We	have	previously	developed	and	validated	atomistic	

force	 field	parameters	 for	cationic	and	neutral	states	of	sotalol	 [126],	and	validated	open	

conducting	atomistic	models	of	the	hERG	channel	[16,	73,	127]		based	on	a	high-resolution	

cryo-EM	structure	(PDB	ID:	5VA2)	[26].	Sotalol	is	known	to	access	the	hERG	channel	pore	

via	 an	 open	 state,	 with	 subsequent	 hERG	 inactivation	 stabilizing	 the	 drug	 –	 channel		

interaction	[128].	In	this	work,	we	used	multi-microsecond	long	unbiased	MD	simulations	

with	 saturating	 sotalol	 concentrations	 to	 reveal	 key	 binding	 modalities	 for	 cationic	 and	
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neutral	 d-	 and	 l-sotalol.	 Then,	 we	 used	 enhanced	 sampling	MD	 simulations	 [16,	 127]	 to	

compute	 state-dependent	 affinities	 and	 “on”/”off”	 rates	 for	 open	 hERG	 channel	 –	 sotalol	

interactions,	which	we	used	as	parameters	for	our	functional	kinetic	model.		We	optimized	

the	model	for	inactivated	state	block	to	reconcile	and	predict	emergent	pro-arrhythmia	risks	

at	cardiac	cell	and	tissue	scales	[16].	To	test	model	predictions,	we	obtained	d-	and	l-sotalol	

through	 enantiomeric	 separation	 and	 conducted	 electrophysiological	 recordings	 of	 their	

hERG	 channel	 block.	We	 found	 the	 affinities	 of	 both	 enantiomers	 to	 hERG	 channel	 to	 be	

comparable.	 	 Our	 MD	 simulation	 informed	 functional	 cardiac	 cell	 and	 tissue	 models	

predicted	sotalol	induced	QT	interval	prolongation	due	to	a	combined	effect	of	hERG	channel	

block	and	stereoselective	beta-adrenergic	receptor	(bAR)	inhibition	to	be	in	good	agreement	

with	clinical	data.	

	

3.2.	Methods	

A	brief	overview	is	provided	below.	See	Appendix	A	Supplementary	Materials	for	a	more	

detailed	description.		

	

3.2.1	Atomistic	simulations	

We	used	our	atomistic	structural	model	of	open	hERG	channel		[16],	based	on	the	cryo-EM	

structure	 (PDB	 ID:	5VA2)	 [26]	and	generated	using	Rosetta	molecular	modeling	software	

[40,	41,	53]	as	well	as	all-atom	force	field	parameters	of	cationic	and	neutral	sotalol	[126].	

Standard	CHARMM36	all-atom	force	fields	for	protein,	lipid,	ions	[59-61]	and	TIP3P	water	

model	[62]	were	used	as	well.	Our	hERG	channel	model	was	embedded	in	a	1-Palmitoyl-2-

oleoylphosphatidylcholine	(POPC)	bilayer	and	solvated	by	0.15	M	aqueous	KCl	solution	and	
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sotalol	molecules	using	CHARMM-GUI	 [129]	and	equilibrated	using	a	 staged	protocol	 	by	

gradually	 reducing	 restraints	 [127]	using	NAMD	program	 [130].	 	 8	µs	 long	unbiased	MD	

simulations	with	23	sotalol	molecules	in	aqueous	solution	corresponding	to	an	initial	0.05	M	

concentration	were	run	on	Anton	2	[65].	Steered	MD	simulations	with	a	sotalol	molecule	

pulled	from	an	intracellular	aqueous	into	the	hERG	channel	pore	in	five	restrained	90	ns	runs	

were	used	to	seed	umbrella	sampling	MD	(US-MD)	simulations	[131].	Positional	harmonic	

restraints	 for	 pore	 domain	 Ca	 and	 SF	 backbone	 non-H	 atoms	 to	 preserve	 an	 open	 hERG	

channel	conformational	state	were	reduced	from	1.0	kcal×mol-1×Å-2	 in	steered	MD	runs	to		

0.2	kcal×mol-1×Å-2	during	first	5	ns	of	US-MD	runs	and	kept	for	the	remainder	of	those	and	

for	the	entire	Hamiltonian	replica	exchange	US-MD		(HREUS-MD)	[132]	simulations.	hERG	

channel	 residue	 sidechains	 and	 sotalol	 conformations	 were	 not	 restrained.	 US-MD	

simulations	ran	for	50	ns	(including	10	ns	equilibration)	per	each	US-MD	window,	located	at		

-50 £	z	£	-5.5	Å	in	0.5	Å	intervals	using	10	kcal×mol-1×Å-2	harmonic	restraints.		z	=	0	is	the	

center	of	mass	of	hERG	selectivity	filter	(SF)	Ca	atoms.		HREUS-MD	simulations	followed	US-

MD	runs	after	20	ns	and	continued	 for	60	ns	per	each	window.	Free	energy	profiles	and	

diffusion	 coefficients	 were	 computed	 from	 those	 simulations	 and	 used	 to	 calculate	

dissociation	constants	(KD)	as	well	as	drug	“on”	(kon)	and	“off”	(koff)	rates	[16]	used	as	our	

functional	model	parameters.		

	

3.2.2.	Functional	simulations		

We	used	a	previously	published	approach	[16]	to	develop	functional	kinetic	models	of	hERG	

channel	–	sotalol	 interactions	based	on	the	wild-type	drug-free	hERG	Markov	model	[16].		

MD-derived	KD,	kon	and	koff	values	were	used	to	simulate	open-state	hERG	channel	block,	



 

 39 

whereas	for	the	inactivated	state	block	KDi	was	assumed	to	be	4.3-fold	less	in	the	model	1	

based	on	ref.	[133]	and	63-fold	less	than	KDo	in	the	model	2	using	a	top-down	optimization	

approach	 and	 ref.	 	 [134].	 Rates	 for	 the	 inactivated	 state	 block	 were	 optimized	 using	

experimental	 dose	 response	 curves	 from	 this	 work	 and	 ref.	 	 [134]	 for	 models	 1	 and	 2,	

respectively,	and	expression		koff	=	kon	·	KD.		These	hERG	–	sotalol	models	were	implemented	

into	 the	 O’Hara-Rudy	 human	 ventricular	 cardiac	 myocyte	 model	 [135]	 to	 simulate	 QT	

interval	in	pseudo-ECG	recordings	from	a	1-dimensional	strand	of	O’Hara-Rudy	cells	paced	

at	 1000	 ms	 basic	 cycle	 length	 (BCL)	 as	 was	 done	 previously	 [16].	 	 Beta-adrenergic	

stimulation	by	isoproterenol	(ISO)	was	implemented	through	setting	protein	kinase	A	(PKA)	

phosphorylation	 effect	 to	maximum,	 and	 its	 inhibition	 by	 sotalol,	 i.e.	 beta-blockade,	was	

modeled	as	1/(1+[sotalol]/Ki)	where	[sotalol]	 is	drug’s	plasma	concentration	and	Ki	 is	 its	

inhibition	constant,	which	 is	38,000	ng/ml	 for	d-sotalol	and	650	ng/ml	 for	 l-sotalol	 (35).	

Sotalol-induced	QT	prolongation	was	compared	with	clinical	data	at	the	matching	BCL		(RR	

interval)	[136].	

	

3.2.3.	Experimental	methods			

Free	 sotalol	 base	 was	 prepared	 from	 sotalol	 hydrochloride	 salt	 through	 dissolving	 it	 in	

methanol	and	KOH	solution,	separation	of	supernatant,	dissolving	it	in	ethyl	acetate,	filtering	

and	 evaporating.	High	performance	 liquid	 chromatography	 (HPLC)	 resolution	 of	 the	 two	

sotalol	 enantiomers	 from	 free	 base	 sotalol	 was	 performed	 with	 an	 Agilent	 1100	 HPLC	

equipped	with	a	Chiralpak	 IA	4.6	X	250	mm	column,	heated	at	25oC.	An	 isocratic	 solvent	

system	consisting	of	20%	mobile	phase	A	(ethanol	with	0.1%	diethyl	amine)	and	80%	mobile	

phase	B	(hexane	with	0.1%	diethyl	amine)	was	used	for	15	min	for	each	run.	Sotalol	was	
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detected	by	 its	 absorption	at	220	nm	using	an	Agilent	1100	diode	array	detector	 (DAD).	

Under	these	conditions	(S)	sotalol	enantiomer	has	tR	=	7.99	min.	while	(R)	sotalol	enantiomer	

has	 tR	 =	 11.88	 min.	 Multiple	 runs	 using	 this	 method	 furnished	 about	 25	 mg	 of	 each	

enantiomer	 with	 almost	 100%	 enantiomeric	 excess.	 The	 separated	 enantiomers	 were	

characterized	by	1H-NMR	and	proton	decoupled	13C-NMR	(13C-NMR1H)	spectra	as	well	as		X-

ray	crystallography	using	established	methodology	[137].		Please	see	details	in	the	Appendix	

B	Data	Supplement	and	linked	spectra	files	therein.	

	

For	electrophysiological	recordings	we	used	a	human	embryonic	kidney	(HEK)	293	cell	line	

stably	expressing	hERG	maintained	in	minimum	essential	medium	supplemented	with	10%	

fetal	bovine	 serum	and	400	µg/ml	G418	 	 as	previously	described	 [138].	 	HEK	cells	were	

continuously	superfused	with	HEPES-buffered	Tyrode	solution.	Membrane	currents	were	

recorded	 in	 the	 whole-cell	 configuration	 established	 using	 pipette	 suction	 [139].	 	 Leak	

compensation	was	not	used.	Experiments	were	performed	at	room	temperature	(22-25°C).		

The	data	were	stored	on	a	computer	hard	disk	and	analyzed	using	PatchMaster	and	Igor	Pro	

7	(WaveMetrics,	Portland,	OR).		The	IC50	for	hERG	block	by	sotalol	were	measured	by	fitting	

the	data	to	Hill’s	equation	as	follows:	

$(&) = 	 1
1 + (&/,-())*

	

Where	$(&)	is	the	current	ratio	in	the	presence	of	the	drug	at	a	given	concentration	(D)	and	

h	is	the	Hill	coefficient.	

The	data	and	datasets	generated	and	analyzed	in	the	current	study	can	be	accessed	upon	

request	sent	to	the	corresponding	author	of	the	manuscript.	
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3.	Results	

3.3.1.	hERG	channel	binding	sites	and	pathways	from	sotalol	flooding	simulations		

We	previously	developed	atomistic	force	field	parameters	for	cationic	(+)		and	neutral	(0)	

forms	of	sotalol	and	used	MD	simulations	of	their	lipid	membrane	partitioning	to	validate	

those	models	 showing	water	 -	membrane	 interface	 accumulation	of	 sotalol(0)	 as	well	 as	

significant	 free	 energy	 barrier	 and	 membrane	 perturbation	 for	 sotalol(+)	 	 [126].	 This	

indicates	 ionization	 state-dependent	 energetics	 and	 kinetics	 of	 sotalol	 –	 lipid	membrane	

interactions	and	may	affect	how	the	drug	gains	access	to	the	hERG	channel	pore.		

	

Here,	we	explicitly	explored	this	using	8	µs	long	unbiased	MD	simulations	of	our	open-state	

hERG	channel	model	embedded	in	a	POPC	lipid	bilayer	and	soaked	by	an	aqueous	solution	

with	0.15	M	KCl	and	an	initial	0.05	M	concentration	of	sotalol	in	water,	corresponding	to	23	

molecules	in	the	simulation	box.	Utilizing	these	so-called	drug	flooding	MD	simulations,	we	

were	able	to	elucidate	potential	entry	pathways	and	binding	sites	for	d-	and	l-	sotalol(+)	and	

sotalol(0)	 interacting	 with	 the	 hERG	 channel.	 The	 distributions	 for	 cationic	 and	 neutral	

forms	of	each	enantiomer	were	notably	different	(Fig.	3.1	and	Appendix	A		Figs.	S6-S7).	d-	

and	l-sotalol(0)		(Fig	3.1B,	left	panels)	were	found	to	embed	into	the	membrane	and	interact	

with	 hERG	 channel,	 whereas	 d-	 and	 l-sotalol(+)	 (Fig.	 3.1B,	 right	 panels)	 remains	

predominantly	 in	 aqueous	 solution,	 sampling	 much	 more	 of	 the	 solvent	 space	 over	 the	

duration	of	the	simulation	(see	drug	aqueous	concentration	time	series	and	atomic	density	

distribution	plots,	Appendix	A	Figs	S6	and	S7).		
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Dominant	 binding	 poses	 of	 cationic	 and	 neutral	 d-	 and	 l-sotalol	 are	 shown	 in	 Fig.	 3.2,	

whereas	time	series	of	drug	binding	z	positions	in	the	hERG	pore	are	shown	in	Appendix	A	

Fig.	S8.	Interestingly,	one	d-sotalol(0)	or	l-sotalol(+)	molecule	were	observed	to	bind	deep	

into	 the	 hERG	 pore,	 just	 below	 the	 selectivity	 filter	 (SF)	 region	 and	 interacting	with	 the	

canonical	drug	binding	F656	and	Y652	hERG	residues	[33,	140-143]	in	the	pore	lining	S6	

helices	(drug	molecule	M2	in	Figs	3.2A	and		D)	for	most	of	8	µs	long	MD	runs,	while	another	

drug	molecule	was	observed	to	transiently	bind	below,	interacting	with	F656	and/or	Y652	

from	another	domain	as	well	as	S660	and	other	residues	at	the	bottom	of	S6	helices	(M1	in	

Figs	3.2A	and		D).	Interestingly,	for	l-sotalol(0)	and	d-sotalol(+)	systems,	we	observed	only	

transient	 binding	 of	 one	 or	 two	 drug	 molecules	 at	 the	 bottom	 of	 hERG	 channel	 pore	

interacting	with	S660	and	other	S6	helix	residues	there	(Figs	3.2B	and		C		and		Appendix	A	

Fig.	S8B	and	C)		Hence	up	to	two	sotalol	molecules	were	able	to	bind	to	the	hERG	pore,	in	

agreement	with	 our	 electrophysiological	 data	 (as	 described	below).	 	 Sotalol	 flooding	MD	

simulations	demonstrated	 that	d-	and	 l-sotalol	are	 likely	 to	enter	 the	hERG	channel	pore	

through	the	aqueous	intracellular	gate	and	did	not	reveal	any	drug	entry	through	lipid	facing	

fenestrations	as	in	the	case	of	NaV	channels	[63,	144-146]	and	also	suggested	for	some	hERG	

binding	drugs	 such	as	 ivabradine	 [147,	148].	 	Thus,	 sotalol	hERG	pore	binding	pathways	

closely	 resemble	 those	 for	 dofetilide	 [16,	 127,	 147,	 148],	 which	 also	 has	

methanesulfonanilide	moieties	and	fairly	similar	polarity	[149].		

	

These	 qualitative	 observations	 do	 not	 exclude	 other	 possibilities	 since	 even	 very	 long	

simulation	times	of	8	µs	might	not	be	sufficient	to	fully	sample	other	potential	drug	binding	

poses	and	pathways,	which	can	be	related	to	distortions	of	the	hERG	pore	domain	(Appendix	
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A	Fig.	S9)	including	partial	asymmetric	pore	closure	as	evidenced	by	decrease	in	interchain	

Ca…Ca	distances	for	S6	segment	F656	and/or	S660	residues	(	Appendix	A	Fig.	S10)	as	well	as		

selectivity	filter	(SF)	distortions	revealed	by	interchain	Ca…Ca	distances	of	S624	to	G628	SF	

residues	(see	Appendix	A	Fig.	S11).	These	structural	changes	are	similar	to	those	observed	

for	 a	 non-conducting	 state	 of	 the	 hERG	 channel	 during	 a	 multi-microsecond	 long	 MD	

simulation	 under	 an	 applied	 transmembrane	 voltage	 [127]	 and	 may	 be	 indicative	 of	 a	

channel	 transition	 to	 a	 different	 conformational	 state,	 possibly	 inactivated.	 	 	 	 Moreover,	

sotalol	contacts	with	hERG	residues	during	drug	flooding	MD	simulations	were	asymmetric	

and	 highly	 variable	 among	MD	 runs	 (See	Appendix	 A	 Figs.	 S12-S13)	 due	 to	 long-lasting	

interactions	(Appendix	A	Fig.	S14).		

	

3.3.2.	Energetics	of	sotalol	–	hERG	channel	binding	from	enhanced	sampling	simulations		

Our	multi-microsecond	long	drug	flooding	simulations	indicated	that	enhanced	sampling	MD	

runs	of	a	drug	entry	into	the	channel	pore	through	an	intracellular	gate	are	needed	to	obtain	

quantitative	information	about	hERG	–	sotalol	interactions.	Therefore,	we	applied	umbrella	

sampling	 MD	 (US-MD)	 [131],	 and	 Hamiltonian	 replica	 exchange	 umbrella	 sampling	 MD	

(HREUS-MD)	[132]	techniques	to	compute	drug	binding	affinities	and	rates.		Weak	harmonic	

restraints	 were	 applied	 to	 hERG	 pore	 domain	 backbone	 atoms	 to	 preserve	 open	 hERG	

conformational	state.		

	

First,	we	investigated	binding	poses	of	different	sotalol	forms,	corresponding	to	free	energy	

minima	 from	 US-MD	 runs	 as	 shown	 in	 Figure	 3.3.	 Both	 d-	 and	 l-sotalol	 occupy	 similar	

positions	within	the	hERG	pore	(Fig	3.3A)	and	interact	with	the	canonical	binding	residues	
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F656	and	Y652	(see	Fig	3.3B).	Sotalol	molecules	along	with	interacting	protein	side	chains,	

which	 are	 not	 restrained	 during	 the	 simulations,	 adopt	 different	 orientations	 and	

conformations	(see	Fig	3.3B	and	Appendix	A	Figs.	S15-S20)	to	optimize	those	interactions.		

d-	and	l-sotalol(0)	were	bound	slightly	deeper	into	the	pore	than	their	cationic	counterparts.	

Interestingly,	 all	 sotalol	 forms	 were	 found	 to	 bind	 just	 below	 a	 ring	 of	 Y652	 residues	

interacting	with	them,	as	long	as	other	S6	segment	residues	from	multiple	chains	(see	Fig.	

3B)	in	general	agreement	with	previous	studies	[150,	151].	Use	of	HREUS-MD	methodology	

allowed	 us	 to	 facilitate	 sampling	 of	multiple	 drug	 orientations	 and	 conformations	 in	 the	

hERG	channel	pore	(Appendix	A	Figs.	S16-S20).		

	

US-MD	and	HREUS-MD	simulations	allowed	us	to	estimate	the	free	energies	of	drug	binding,	

∆Gpore,	and	to	compute	dissociation	constants	(KD)	[16,	127]	of	cationic	and	neutral	d-	or	l-

sotalol	binding	to	the	hERG	channel	in	the	open	state	(see	Table	3.1,	Fig.	3.4	and	Appendix	A	

Figs.	S21-S22),	which	shows	good	agreement	between	results	obtained	with	US-MD	and	

HREUS-MD	methodologies.	 	Our	computed	dissociation	constants,	KD,	 indicate	one	to	two	

orders	 of	 magnitude	 stronger	 binding	 of	 neutral	 d-	 or	 l-sotalol	 to	 open	 hERG	 channel	

compared	to	their	cationic	counterparts	(Table	3.1)	in	agreement	with	our	previous	results	

for	dofetilide	and	moxifloxacin	[16].		Combined	KD	values	(taking	into	account	neutral	and	

cationic	drug	contributions	at	physiological	pH=7.4)	of	about	2	mM	are	very	similar	for	d-	vs.	

l-sotalol,	 and	 also	 for	 US-MD	 and	HREUS-MD	 simulations	 (Table	 3.1).	 	 They	 are	 also	 in	

excellent	 agreement	 with	 racemic	 sotalol	 IC50	 values	 for	 a	 non-inactivated	 hERG	 S620T	

mutant	[133].	
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From	 hERG	 channel	 –	 sotalol	 US-MD	 simulations,	we	 also	 computed	 position-dependent	

diffusion	coefficient	(D)	profiles	 	(see	Fig.	3.4C),	which	are	very	similar	 for	all	 the	sotalol	

forms	and	indicate	a	steep	~70-fold	drop	in	the	drug	diffusion	as	it	enters	the	confinement	

of	the	hERG	channel	intra-cavitary	space,	as	was	also		shown	previously	for	dofetilide	and	

moxifloxacin	[16,	127]	as	well	as	sotalol	–	lipid	membrane	partitioning	[126].	Using	∆G	and	

D	profiles,	we	computed	ingress	or	“on”	rates,	kon,	which	are	very	similar	for	d-	and	l-sotalol	

and	somewhat	smaller	for	cationic	vs.	neutral	counterparts	(see	Table	3.1).	Using	computed	

KD	and	kon	estimates	we	calculated	their	products	corresponding	to	“off”	or	egress	rates,	koff,	

similar	 for	 d-	 and	 l-	 stereoisomers	 and	 	 1-2	 order	 of	 magnitude	 smaller	 for	 sotalol(0)	

compared	to	sotalol(+)		due	to	stronger	binding	of	the	former	(Table	3.1).				kon	and	koff		MD	

estimates	will	be	used	as	parameters	for	functional	kinetic	models		described	in	Section	3.3.4.		

	

3.3.3.	Experimental	validations	of	stereospecificity	in	sotalol	binding	to	hERG	channel	

Sotalol	 is	 commercially	 only	 available	 as	 a	 racemic	mixture	 of	 its	 hydrochloride	 salt.	We	

separated	 the	 racemic	 mixture	 into	 the	 S-	 and	 R-	 isomers	 known	 as	 d-	 and	 l-sotalol,	

respectively,	using	quantitative	chiral	HPLC	technique	to	obtain	multi-milligram	quantities	

of	both	enantiomers	 (see	Appendix	A	 Fig.	S1),	which	were	 tested	using	whole-cell	patch-

clamp	 measurements	 with	 hERG	 channels	 stably	 expressed	 in	 HEK-293	 cells	 at	 room	

temperature	with	continuous	superfusion	of	drug-containing	external	solution.	We	observed	

comparable	 hERG	 current	 inhibition	 by	 0.3	  mM	 d-	 or	 l-sotalol	 application,	 both	 at	

depolarized	 potentials	 and	 upon	 hyperpolarization,	 indicating	 classical	 drug-induced	

channel	blockade	(Fig.	3.5,	top	panels).	Fitting	of	concentration	response	curves	(Fig.	3.5,	

bottom	panels)	revealed	IC50	values	of	0.286	±	0.007	mM	and	of	0.288	±	0.010	mM	for	d-	and	
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l-sotalol,	respectively.	The	Hill	coefficients	from	these	curves	were	1.474	±	0.051	for	d-sotalol	

and	 1.370	 ±	 0.010	 for	 l-sotalol,	 respectively,	 suggesting	 cooperative	 interaction	 between	

more	 than	 one	 sotalol	 molecule	 to	 block	 hERG	 channel	 in	 agreement	 with	 flooding	 MD	

simulation	data	(Section	3.3.1	and	Fig.	3.2).	IC50	values	also	did	not	reveal	any	distinction	in	

the	ability	of	the	two	sotalol	enantiomers	to	inhibit	hERG	current	in	good	agreement	with	

the	results	of	enhanced	sampling	MD	simulations	reported	above	(Table	3.1).	They	are	more	

favorable	than	MD	Kd	values	of	1.5	to	2.3	mM,	but		the	latter	were	computed	for	an	open	state	

hERG	model,	whereas	in	patch-clamp	measurements	using	a	voltage	protocol	in	Fig.	3.5,	the	

channel	 is	 mostly	 in	 the	 inactivated	 state,	 and	 sotalol	 binding	 is	 stabilized	 by	 channel	

inactivation	 [128].	 Our	 experimental	 and	 MD	 data	 are	 in	 agreement	 with	 an	

electrophysiology	study	of	hERG	channel	interaction	with		racemic	sotalol,	where	the	IC50	for	

wild-type	hERG	and	S620T	hERG	mutant	with	abolished	inactivation	are	0.516±0.036		mM	

and	 2.22±0.38	 mM,	 respectively	 [133].	 This	 suggests	 that	 our	 US-MD	 derived	 kinetic	

parameters	(Table	3.1	and	Section	3.3.2)	are	robust	enough	to	be	used	for	functional	scale	

modeling.		

	

3.3.4.	Functional	scale	modeling	of	sotalol	–	hERG		channel		interactions	and	their	effect	

on	cardiac	rhythm		

To	develop	a	functional	kinetic	model	of	sotalol	–		hERG	channel	interactions,	we	used	the	

multiscale	strategy	we	recently	reported	[16].	We	used	a	drug-free	hERG	Markov	model	[16]	

and	incorporated	open	and	inactivated	hERG	channel	–	drug	interactions	via	corresponding	

neutral	and	cationic		drug	“on”	(kx_d	and	kxd)	and	“off”	(rx_d	and	rxd)			transition	rates,	where	x	

=	o	or	i	for	open	and	inactivated	state,	respectively	(see	Appendix	A	Fig.	S2).	We	used	US-	MD	
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computed	drug	 “on”	 and	 “off”	 rates	 (Table	3.1)	 as	our	open-state	hERG	–	 sotalol(0)	 and	

sotalol(+)	model	estimates	(ko_d,	kod,	ro_d	and	rod	in	Appendix	A	Fig.	S2	and	Tables	S2-S3).		

	

Since	 we	 lacked	 a	 structural	 atomistic	 model	 of	 inactivated	 hERG	 channel	 we	 relied	 on	

literature	 data	 for	 relative	 sotalol	 affinities	 for	 open	 versus	 inactivated	 states	 with	

experimental	estimates	indicating	more	potent	inhibition	for	the	latter	[128,	133].	We	first	

used	the	reported	4.3-fold	ratio	of	sotalol	IC50	values	for	a	non-inactivated	S620T	mutant		to	

WT	 hERG	 channel	 from	 experiments	 in	 Chinese	 hamster	 ovary	 (CHO)	 cells	 at	 room	

temperature	[133]	as	KDo	/	KDi	in	our	Model	1	(solid	light-blue	and	dotted	black	curves	in	Fig.	

3.6A)	to	optimize	“on”	rates,	which	provided	excellent	fit	to	experimental	hERG	inhibition	

data	from	this	study	(blue	circles	in	Fig.	3.6A).	Notably,	however,	there	is	very	little	hERG	

inhibition		for	physiologically	relevant	drug	concentrations	from	1.4	to	14.7	µM	[105,	152]	

(black	box	in	Fig.	3.6A):	up	to	~2%	for	this	model.			

	

To	 investigate	 the	 effect	 of	 the	 hERG	 channel	 –	 sotalol	 interactions	 on	 cardiac	

electrophysiology,	we	included	hERG	–	sotalol	model	1	(by	swapping	the	drug-free	IKr	model)	

into	 the	 O’Hara-Rudy	 human	 ventricular	 cardiomyocyte	model	 [135].	 	We	 simulated	 the	

effect	of	sotalol	on	the	pseudo-ECGs		computed	from		a	1D	strand	of	O’Hara-Rudy	ventricular	

myocytes	and	calculated	the	QT	interval	[16].		We	observed	negligible	prolongation	of	the	

QT	interval	with	model	1	when	considering	hERG	channel	block	alone	by	the	sotalol	racemic	

mixture	(d-	and	 l-sotalol	 in	a	1:1	ratio)	as	shown	in	Fig.	3.6B.	 	 In	QT	prolongation	traces	

shown	 in	Fig.	 3.6C	we	 simulated	 the	 sympathetic	 stimulation	 of	 1D	 ventricular	myocyte	

strand	via	the	additive	impact	of	1	µM	of	potent	beta-adrenergic	agonist	isoproterenol	(ISO)	
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and	its	stereoselective	inhibition	by	sotalol	[107-111].	l-Sotalol	has	a	strong	beta-blocking	

activity	 with	 Ki	 =	 650	 ng/ml	 vs.	 38,000	 ng/mol	 for	 d-sotalol	 [109].	 Beta	 adrenergic	

stimulation	did	not	notably	increase	the	QT	prolongation	for	model	1	(see	Appendix	A	Fig.	

S4A&C	 for	 d-	 and	 l-sotalol,	 respectively).	 Simulating	 the	 stereospecific	 effect	 of	 beta-

blockade	in	addition	to	hERG	inhibition	effect	by	racemic	dl-sotalol,	model	1	increases	(due	

to	 l-sotalol,	 Appendix	 A	 Fig.	 S4C)	 but	 still	 significantly	 underestimated	 QT	 prolongation	

compared	to	clinically	reported	QT	data	[136]:	compare	blue	and	black	curves	in	Fig.	3.6C.			

	

When	 the	 functional	model	of	hERG	channel	–	 sotalol	 interactions	was	optimized	 to	data	

from	expressed	hERG	channels	in	vitro	to	determine	the	relative	strength	of	inactivated	state	

block	(as	shown	for	model	1	above),	we	were	unable	to	predict	the	clinical	features	of	hERG	

channel	block	by	 sotalol.	 	 Therefore,	we	 set	 out	 to	make	predictions	 about	what	 relative	

affinities	of	sotalol	to	the	open	and	inactivated	state	would	allow	reproduction	of	the	clinical	

data.		Because	the	open	state	affinity	is	determined	by	the	MD	simulations,	we	performed	a	

“top	down”	model	optimization	to	predict	 the	 inactivated	state	affinity	of	sotalol	 to	hERG	

channel.		In	other	words,	we	worked	backward	from	the	clinically	reported	effect	of	sotalol	

on	the	QT	interval	in	humans	to	determine	the	inactivated	state	affinity	since	all	the	other	

parameters	in	the	model	are	constrained	by	specific	measurements	or	simulations.		

	

The	results	of	the	top-down	model	optimization	(model	2)	are	shown	in	Fig.	3.7.		The	model	

shown	in	Fig.	3.7A	for	d-	and	l-sotalol	(solid	red	and	dotted	black	curves,	respectively)	was	

identified	 as	 best	 able	 to	 reproduce	 the	 effect	 of	 sotalol	 on	 the	 QT	 interval.	 The	 model	

predicted	that,	consistent	with	some	other	hERG	channel	blockers	such	as	dofetilide	[133],	
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the	relative	affinity	of	sotalol	to	the	hERG	inactivated	state	should	be	>	50-fold	the	affinity	to	

the	hERG	open	state.	We	found	that	a	63-fold	open	to	inactivated	state	affinity	ratio	yielded	

computed	IC50	values	of	20	µM	during	a	voltage	clamp	protocol	consistent	with	reference	

guinea	pig	ventricular	myocyte	hERG	inhibition	data	[134]	used	for	fitting	this	model.		This	

functional	kinetic	hERG	–	sotalol	interaction	model	2	resulted	in	up	to	~40%	hERG	inhibition	

for	physiologically	relevant	d-	and	l-sotalol	concentrations	from	1.4	to	14.7	µM	[105,	152]	as	

shown	in	Fig.	3.7A.			

	

In	Fig.	3.7B	we	showed	that	our	predicted	model	2	effects	of	dose-dependent	racemic	dl-

sotalol	induced	hERG	channel	inhibition	alone	in	a	1D	strand		of	ventricular	myocytes	(red	

curve)	underestimates	 clinical	QT	prolongation	data	 [136]	 (black	curve).	 	However,	 after	

including	the	combined	stereospecific	beta-blocking	effect	of	sotalol	(dominated	by	l-sotalol	

as	shown	in	Appendix	A	Fig.	S4D)	in	addition	to	hERG	inhibition	effects	by	racemic	dl-sotalol,	

we	were	 able	 to	 reproduce	 clinical	QT	 interval	 prolongation	 [136]	by	model	2	 (compare	

black	and	red	curves	in	Fig.	3.7C).		Notably,	using	a	4.3	ratio	for	hERG	open	to	inactivated	

state	affinities	as	in	model	1	resulted	in	worse	fit	to	reference	hERG	inhibition	data	[134]	and	

smaller	QT	prolongation	compared	to	clinical	data	[136]	as	shown	in		Appendix	A	Fig.	S5.	

	

Thus,	we	observed	that	model	2	accurately	predicts	clinical	QT	prolongation	by	dl-sotalol	if	

we	 take	 into	 account	 hERG	 block,	 beta-adrenergic	 stimulation	 and	 stereospecific	 beta-

blockade.	We	tested	a	range	of	drug	concentration	effects	as	a	 function	of	time	to	predict	

arrhythmogenic	 impacts	 of	 d-,	 l-	 and	 dl-sotalol	 using	model	 2	 as	 shown	 in	Fig.	 3.8.	 	We	

observed	that	upon	beta-adrenergic	stimulation,	hERG	block	alone	(Fig.	3.8A-C,	top	rows)	
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leads	 to	appearance	of	early	afterdepolarizations	 (EADs)	on	pseudo-ECGs	 (left	panels	 for	

each	condition)	and	variable	effects	on	the	cardiac	rhythms	in	time	(right	panels	for	each	

condition	indicate	the	peak	positions	of	R	and	T	waves).	Upon	beta-blockade	pro-arrhythmia	

markers	emerged	for	d-sotalol	at	all	concentrations	similar	to	the	setting	of	hERG	block	alone	

(Fig.	3.8A,	top	two	rows).		For	l-sotalol	(Fig.	3.8B,	middle	rows)	and	the	dl-sotalol	racemic	

mixture	(Fig.	3.8C,	bottom	rows),	a	different	story	emerged:	 In	the	setting	of	hERG	block	

alone,	arrhythmogenic	patterns	emerged	for	all	drug	concentrations	tested,	but	when	both	

hERG	block	and	bAR	blockade	effects	were	simulated,	the	computed	cardiac	rhythms	fully	

normalized.		These	tests	were	extended	to	a	wide	range	of	l-sotalol	concentrations	from	200	

to	2400	ng/ml	resulting	in	the	same	outcome	(data	not	shown).		These	predictions	suggest	

that	 a	more	 potent	 beta-adrenergic	 blockade	 by	 l-sotalol	may	 serve	 as	 the	 key	 plausible	

mechanism	to	reduced	arrhythmogenicity	with	l-sotalol	alone	and	for	the	racemic	mixture.		

	

3.4.	Discussion	

3.4.1.	A	crucial	link	between	sotalol	stereochemistry	and	its	arrhythmogenicity		

Computational	modeling	and	simulation	approaches	at	various	length	and	time	scales	have	

demonstrated	usefulness	 to	make	predictions,	suggest	new	experiments,	and	to	reconcile	

seemingly	disparate	existing	data	[124,	125,	153,	154].		In	this	study,	multi-scale	modeling	

and	simulation	approaches		[16,	122,	155-157]	allowed	us	to	specifically	ask	questions	about	

the	 importance	 of	 isomerism	 in	 determining	 fundamental	 mechanisms	 of	 arrhythmia	

proclivity	induced	by	d-	sotalol,	l-sotalol	and	the	dl-sotalol	racemic	mixture	[107,	110,	111,	

158-161].	One	benefit	of	computational	modeling	and	simulation	is	the	ease	of	performing	

component	dissection	 to	determine	which	 attributes	of	 a	 system	yield	 emergent	 impacts	
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[122,	155].	Here,	we	show	clearly	in	MD	simulations,	which	were	validated	by	experimental	

data,	that	d-	sotalol	and	l-sotalol	have	similar	affinity	and	interaction	with	the	hERG	channel	

(see	Table	3.1	and	Figures	3.3	–	3.5),	in	contrast	to	observed	or	proposed	stereospecific	

binding	of	some	other	hERG-blocking	chiral	drugs	[78]	such	as	methadone	[80],		quinidine	

vs.	quinone	[82],	bupivacaine	and	ropivacaine	[86,	87].		Similar	stereoisomer	hERG	channel	

affinities	were	previously	 reported	 for	 verapamil	 [162]	 and	 chromanol	293B	 	 [163].	Our	

findings	are	also	in	line	with	a	previous	experimental	observation	of	similar	effects	of		d-,l-	

and	racemic	dl-sotalol	on	action	potential	and	time-dependent	potassium	current	in	isolated	

cardiac	muscle	and	Purkinje	 fibers	 from	animal	models	 in	 the	absence	of	catecholamines	

[107,	164].	 	Therefore,	we	 conclude	 that	 stereo-specificity	of	drug-induced	 cardiotoxicity	

attributed	 to	 d-sotalol	 is	 unlikely	 to	 result	 from	 differential	 binding	 affinities	 of	 sotalol	

stereoisomers	to	hERG	channel.	However,	the	comprehensive	multiscale	modeling	approach	

[16]	allowed	us	to	go	a	step	further	and	ask	if	the	stronger	beta	blocking	effect	of	l-sotalol	

[107-109,	 111,	 164-166]	was	 necessary	 and	 sufficient	 to	 account	 for	 a	 reduction	 in	 pro-

arrhythmic	risk.	

	

3.4.2.	How	to	resolve	disconnect	between	clinical	and	experimental	data		

One	of	the	longstanding	conundrums	related	to	hERG	block	by	sotalol	is	that	relatively	high	

concentration	 of	 drug	 required	 to	 block	 the	 channel	 when	 assessed	 in	 isolated	 cloned	

channels	expressed	in	vitro	compared	to	the	relatively	low	plasma	concentrations	reported	

in	humans	that	apparently	result	 in	substantial	QT	 interval	prolongation	[105,	136,	167].	

Human	plasma	concentrations	from	patients	on	sotalol	are	consistently	reported	in	the	1.4	

–	 14.7	µM	 (500	 –	 4000	 ng/mL)	 range	 [105,	 152].	 	 Even	 smaller,	 0.5	 µM	 sotalol	 plasma	
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concentration,	results	in	a	50%	likelihood	of	 ³10ms	increase	in	human	QT	interval	[167].		

This	is	in	contrast	to	concentrations	reported	from	in	vitro	measurements	that	suggest	up	to	

100-fold	higher	sotalol	concentrations	required	for	substantial	channel	inhibition,	although	

the	range	of	experimentally	reported	IC50	values	is	variable	[105,	133,	134,	167-175].		

	

We	attempted	to	better	understand	this	disconnect	by	building	computational	models	that	

were	 optimized	 to	 experimental	 cell	 line	 data	 from	 our	 laboratory	 and	 were	 similar	 to	

previous	 studies	 (IC50	 values	 of	 ~290	 µM	 from	 this	 work,	 586±179	 µM	 and	 4.3-fold	

inactivated	to	open	state	inhibition		from	[133],	210-450	µM	from		[170],	103	µM	from	[167],	

etc.).		Consistent	with	earlier	reports	[167,	176,	177]	,	we	also	noted	that	models	built	on	data	

from	 expressed	 channel	 	 –	 drug	 interactions	 [133]	 did	 not	 yield	 clinically	 observed	

prolongation	 of	 the	 QT	 interval	 [136].	 However,	when	we	 performed	 a	 top-down	model	

optimization,	working	backward	from	the	clinically	reported	effects	of	sotalol	on	QT	interval	

we	found	an	IC50	value	~	20	µM,	which	reflected	~	63-fold	higher	affinity	for	inactive	to	open	

state.		Interestingly,	these	values	are	similar	to	sotalol	inhibition	data	of	the	reported	low-	

and	high-affinity	dofetilide	binding	sites	in	guinea	pig	ventricular	myocytes	[134],	although	

in	the	study	eporting	those	binding	assays,	the	authors	interpret	the	low	affinity	site	as	non-

specific	 binding,	 not	 necessarily	 related	 to	 hERG	 channel	 current	 inhibition	 	 [134,	 178].		

Additional	studies	may	be	needed	to	provide	further	clarification.			

	

There	is	no	question	that	collecting	data	in	the	future	from	a	physiologically	relevant	system	

with	all	of	the	interacting	components	like	the	guinea	pig	ventricular	myocyte	[134],	is	likely	

to	yield	more	reliable	data	for	model	optimization.	Nevertheless,	we	were	able	to	use	a	top-
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down	model	approach	to	constrain	model	parameters	and	predict	QT	interval	prolongation	

as	a	function	of	drug	concentration	that	was	an	excellent	agreement	with	clinically	reported	

data	 [136]	(see	Figure	3.7).	These	results	may	suggest	 the	critical	 importance	of	making	

drug	 affinity	 assessments	 in	 a	 physiologically	 relevant	 environment	 as	 the	 differences	

between	the	clinical	dose	and	resulting	effects	cannot	currently	be	reconciled	with	the	dose	

response	 curves	 from	 expressed	 channels.	 Indeed,	 one	 possibility	 is	 that	 the	 induced	

pluripotent	 stem	 cell-derived	 cardiomyocyte	 (iPSC-CM)	based	drug	 screening	 technology	

may	create	new	capacity	and	potential	to	do	just	that	[179-181].	

	

3.4.3.	Limitations	and	future	directions	

In	this	study	we	were	able	to	predict	sotalol	induced	QT	interval	prolongation	om	the	ECG	

and	its	stereospecific	pro-arrhythmia	proclivities	with	our	functional	hERG	–	sotalol	models	

optimized	using	“on”	and	“off”	drug	rates	for	the	open-state	hERG	channel.	Since	we	lacked	

a	structural	atomistic	hERG	channel	model	in	the	inactivated	state,	we	had	to	use	a	top-down	

approach	 to	 predict	 an	 optimal	 ratio	 of	 sotalol	 affinities	 to	 open	 and	 inactivated	 hERG	

channels,	which	turned	out	to	correspond	to	a	ratio	of	sotalol	IC50	values	for	low	and	high	

affinity	dofetilide	binding	 sites	 in	ventricular	 cardiomyocytes	 [134].	 	 Yet,	 the	 low-affinity	

binding	site	in	the	Duff	et	al	study	was	interpreted	as	non-specific	binding	rather	than	hERG	

channel	inhibition	[134,	178].	Such	drug	binding	to	other	proteins	or	a	lipid	membrane	itself	

will	 alter	 its	 effective	 intracellular	 concentration,	 availability	 for	hERG	channel	 inhibition	

and	 thus	 pro-arrhythmia	 proclivities,	 which	 can	 be	 investigated	 in	 future	 work.	 As	 an	

alternative,	we	also	 tested	a	ratio	of	sotalol	 IC50	values	 for	wild-type	and	non-inactivated	

S620T	mutant	channels	from	cultured	cells	[133],	with	the	latter	agreeing	well	with	our	US-
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MD	Kd	 estimates.	 Functional	models	 optimized	using	 these	data	provided	good	 fit	 to	our	

experimental	 WT	 hERG	 inhibition	 dose	 response	 curves	 but	 failed	 to	 capture	 dose-

dependent	 clinical	 QT	 prolongation	 [136]	 in	 line	 with	 previous	 reports	 suggesting	 a	

significant	gaps	between	drug	doses	required	to	cause	in	vitro		hERG	channel	inhibition	and	

QT	prolongation	observed	in	vivo	[167].			

	

Such	 discrepancies	 can	 be	 related	 to	multiple	 factors	 not	 explicitly	 considered	 here.	 For	

instance,	hERG	channel	 isoforms,	1a	and	1b,	with	 the	same	 transmembrane	but	different	

intracellular	 domain	 composition	 contribute	 to	 physiological	 IKr	 and	 have	 distinct	 gating	

kinetics	 [182],	 which	may	modulate	 drug	 effect	 on	 cardiac	 electrophysiology.	Moreover,	

mutations	 in	 auxiliary	 hERG	 binding	 protein	 MiRP1	 were	 found	 to	 affect	 drug-induced	

arrhythmogenicity	 also	 due	 to	 altered	 channel	 gating	 kinetics	 [118,	 183],	 although	 WT	

MiRP1	binding	was	shown	not	 to	affect	sotalol	hERG	channel	block	 [128].	 	Also,	not	only	

hERG	channel	–	drug	interaction,	but	also	ventricular	myocyte	model	may	have	an	effect	on	

predicted	 drug-induced	 QT	 prolongation	 and	 arrhythmogenicity	 as	 was	 tested	 and/or	

discussed	 previously	 [184-187].	 	 	 Here	 and	 in	 previous	 studies	 [16,	 118,	 186,	 187]	 the	

O’Hara-Rudy	 human	 ventricular	 cardiac	 myocyte	 model	 [135]	 was	 used	 providing	 good	

agreement	with	clinical	QT	prolongation	data	[136]	for	our	myocyte-based	model,	whereas	

comparison	with	other	widely	used	models	such	as	Grandi	–	Bers	[188]	and	ten	Tusscher	–	

Panfilov	[189]	models	will	be	performed	in	subsequent	work.				

	

In	this	study,	MD	simulations	used	an	available	cryo-EM	hERG	channel	structure	[26],	which	

we	demonstrated	 to	be	 in	 the	open	conducting	state	 [16,	73,	127].	However,	many	hERG	
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blocking	drugs	including	sotalol	are	suggested	to	have	a	higher	affinity	for	the	inactivated	

channel	 state	 [27,	 128,	 133].	 Structural	 information	 about	 potential	 hERG	 channel	

inactivated	state	just	started	to	emerge	from	recent	cryo-EM	[72]	and	MD	simulation	[74]	

studies,	but	was	not	yet	available	for	our	present	work.	Interestingly,	however,	our	multi-

microsecond	long	unbiased	drug	flooding	simulations	resulted	in	a	hERG	channel	structure	

with	a	distorted	selectivity	filter	(SF),	pinched	in	the	middle	(in	3	out	of	4	simulations)	and	

significantly	widened	at	the	top,	in	line	with	some	findings	from	those	new	studies	[72,	74].	

A	 similar	 SF	 conformation	 was	 also	 shown	 to	 be	 non-conducting	 in	 our	 previous	 hERG	

channel	simulations	[127]	and	may	potentially	represent	a	transition	to	the	inactivated	state	

of	 the	 channel	bearing	 some	similarity	 to	C-type	 inactivated	KcsA	 [190,	191]	 and	Shaker	

family	 [192,	 193]	 channel	 structures,	 although	 there	 might	 be	 multiple	 structural	

mechanisms	of	K+	channel	 inactivation	[193].	 	 Inactivating	conformational	transition	may	

also	explain	stable	sotalol	binding	poses,	located	deep	inside	the	pore	in	some	unrestrained	

drug	flooding	MD	but	not	in	any	restrained	US-MD	runs,	in	line	with	previously	suggested	

sotalol	 binding	 to	 open	 state	 and	 subsequent	 stabilization	 by	 hERG	 channel	 inactivation	

[128]	.	

	

Finally,	we	found	that	beta-blocking	properties	of	sotalol	enantiomers	are	crucial	for	their	

pro-arrhythmia	proclivities.	Yet,	in	this	study	we	did	not	explicitly	study	sotalol	binding	to	

beta-adrenergic	receptors	via	MD	simulations	due	to	a	complexity	of	this	problem,	requiring	

a	separate	study	currently	underway	in	our	laboratory	using	recent	human	b1	adrenergic	

receptor	(b1AR)	structures	[194]	and	state-specific	functional	models	of	sotalol		–	receptor	
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interactions	 [195],	 which	 will	 allow	 for	 a	 comprehensive	 exploration	 of	 	 sotalol	 QT	

modulation	effect	at	different	BCL	(RR	interval)	values	[136].	

.																					

3.5.	Conclusions	

Cardiotoxicity	 in	 the	 form	 of	 cardiac	 arrhythmia	 is	 a	 major	 reason	 for	 multiple	 drug	

withdrawals	 from	 the	 market.	 	 Such	 drug-induced	 arrhythmogenicity	 has	 been	 largely	

attributed	to	a	blockade	of	hERG	K+	channels,	which	repolarize	cardiac	myocytes.	However,	

not	all	hERG-blocking	drugs	cause	deadly	arrhythmias.	 In	 the	case	of	 the	anti-arrhythmic	

beta-blocker	 sotalol,	 a	 subtle	 change	 in	 drug	 chemistry	 due	 to	 stereoisomerism	 leads	 to	

different	pro-arrhythmia	outcomes.		In	this	study,	we	investigated	and	predicted	molecular	

determinants	 of	 stereospecific	 d-	 and	 l-sotalol	 pro-arrhythmia	 proclivities	 through	 a	

combination	of	atomistic	molecular	dynamics	 (MD)	simulations	with	electrophysiological	

recordings	 as	 well	 as	 experiment-	 and	 MD-informed	 multi-scale	 modeling	 of	 cardiac	

electrophysiology	at	cell	and	tissue	levels.	 	 	MD	simulations	predicted	that	up	to	2	sotalol	

molecules	can	bind	in	the	hERG	channel	pore,	demonstrated	stronger	binding	of	neutral	drug	

forms	as	well	as	similar	d-	and	 l-sotalol	binding	poses	and	affinities	 for	the	open	channel	

pore.	These	predictions	are	in	good	agreement	with	electrophysiology	recordings	of	hERG	

channel	inhibition	in	HEK	cells	by	both	sotalol	enantiomers.		MD	simulation	computed	“on”	

and	“off”	rates	for	open	hERG	–	sotalol	interactions	were	used	as	parameters	for	functional	

kinetic	models,	which	were	optimized	to	reproduce	hERG	inhibition	dose	response	curves	

using	cultured	cells	from	this	work	or	cardiomyocyte	data	from	a	previous	study.		We	also	

explored	 different	 estimates	 of	 sotalol	 affinities	 for	 open	 and	 inactivated	 hERG	

conformational	states	using	a	top-down	approach.	Optimized	models	were	incorporated	into	
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standard	ventricular	cardiomyocyte	cell	and	tissue	simulations	to	predict	dose-dependent	

d-	and	l-sotalol	effect	on	heart	rhythm.		The	model	based	on	cardiomyocyte	hERG	inhibition	

data	was	able	to	predict	clinically	observed	sotalol	 induced	QT	prolongation	when	taking	

into	account	both	hERG	channel	and	beta-adrenergic	receptor	inhibition,	whereas	the	model	

based	 on	 a	 less	 potent	 sotalol	 effect	 on	 the	 hERG	 channel	 in	 cultured	 cells	 significantly	

underestimated	clinical	QT	interval	lengthening.		The	former	model	also	correctly	predicted	

higher	 pro-arrhythmia	 risk	 of	 d-sotalol	 compared	 to	 l-sotalol	 and	 racemic	 mixture	

attributing	this	to	stereospecific	beta-blocking	properties,	ameliorating	the	arrhythmogenic	

hERG	channel	inhibition	effect.	
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Table	 3.1.	 Open	 hERG	 pore	 sotalol	 binding	 data	 from	 US-MS	 and	 HREUS-MD	
simulations.	 Molecular	 dynamics	 (MD)	 computed	 drug	 binding	 free	 energies	 (∆Gbind),	
dissociation	constants	(KD)	and	diffusion	coefficients	at	the	drug	binding	site	(.+,-.)	as	well	
as	drug	“on”	(kon)	and	“off”	(koff)	rates	used	for	parameterizing	functional	scale	models.	Data	
are	means	 ±	 standard	 error	 of	 means	 (SEM)	 for	 10-ns	 or	 20-ns	 US-MD	 and	 HREUS-MD	
simulation	blocks.		
	
		 		 ∆Gbind	(kcal	mol-1)	 KD	(mM)	 Dpore	(10-6	cm2	s-1)	 kon	(μM-1s-1)	 koff	(s-1)	

d-Sotalol(0)	 US-MD	 -5.34	±	0.74	 0.17	±	0.21	 0.13	±	0.02		 7.4	∙	102	 1.3	∙	105	

		 HREUS-MD	 -5.03	±	0.52	 0.28	±	0.24	 		 		 		

d-Sotalol(+)	 US-MD	 -2.32	±	0.07	 23.3	±	2.6	 0.12	±	0.02		 3.6	∙	102	 8.3	∙	106	

		 HREUS-MD	 -2.44	±	0.33	 19	±	10	 		 		 		

d-Sotalol	(pH=7.4)	 		 		 2.3	(1.5)	 		 		

l-Sotalol	(0)	 US-MD	 -4.57	±	0.51	 0.60	±	0.49	 0.16	±	0.02		 7.9	∙	102	 4.7	∙	105	

		 HREUS-MD	 -5.08	±	0.24	 0.26	±	0.10	 		 		 		

l-Sotalol	(+)	 US-MD	 -3.60	±	0.21	 2.9	±	1.0	 0.17	±	0.05	 4.4	∙	102	 1.3	∙	106	

		 HREUS-MD	 -2.80	±	0.08	 10.5	±	1.4	 		 		 		

l-Sotalol	(pH=7.4)	 		 		 2.0	(2.0)	 		 		
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Figure	3.1.	Distribution	of	cationic	(+)	or	neutral	(0)	d-	or	l-sotalol	around	the	hERG	
channel	from	multi-µs	long	unbiased	MD	simulations.	(A)	Chemical	structures	of	neutral	
(0)	 and	 cationic	 (+)	 forms	 of	 d-	 and	 l-sotalol	 (B)	 Snapshots	 of	 the	 molecular	 systems	
consisting	of	the	hERG	channel	embedded	in	the	POPC	bilayer,	solvated	with	aqueous	150	
mM	KCl	and	initial	50	mM	sotalol	solution	,	at	the	end	of	8.1	µs	MD	simulations.	For	sotalol	
molecules	within	 3.5	 Å	 of	 hERG	 protein	 residues	 non-hydrogen	 atoms	 are	 shown	 in	 the	
colored	 space	 filling	 representation,	 non-interacting	 sotalol	molecules	 are	 shown	as	 grey	
sticks.	The	hERG	channel	is	shown	as	green	ribbons,	POPC	lipid	tails	as	thin	gray	sticks,	water	
as	aquamarine	surface,	K+	and	Cl–	ions	are	not	shown	for	clarity.		
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Figure	3.2.		
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Figure	3.2.	Binding	sites	of	neutral	(0)	or	cationic	(+)	d-	or	l-sotalol	around	the	hERG	
channel	8.1	µs	 long	unbiased	MD	simulations.	(A)	d-sotalol(0);	(B)	 l-sotalol(0);	(C)	d-
sotalol(+);	 (D)	 l-sotalol(+).	 	Left	 panels:	Time-series	 rendering	 for	 binding	 of	 one	 or	 two	
sotalol	molecules	(labeled	M1	and	M2)	within	the	hERG	pore.	Sotalol	molecules	in	the	frames	
are	shown	by	colored	sticks	from	the	beginning	(red)	to	the	end	(blue)	of	each	representative	
binding	event.	The	hERG	channel	is	shown	in	the	initial	(transparent	green	ribbons)	and	the	
final	(solid	green	ribbons)	conformations.	Canonical	drug	interacting	residues	Phe656	and	
Tyr652	as	well	as	selectivity	 filter	 (SF)	residues	are	shown	as	solid	or	 transparent	atom-
colored	ribbons	(C	–	gray,	O	–	red,	N	–	blue).	 	Right	panels:	 	Representative	binding	poses	
adopted	by	sotalol	molecules	(thick	atom-colored	sticks	with	C	–	cyan,	S	–	yellow,	others	as	
above)	 in	 the	hERG	channel	pore.	 	 Interacting	hERG	residues	 (within	3.5	Å	of	 any	non-H	
atoms	of	the	drug)	are	shown	as	thick	atom-colored	sticks	(C	–	gray,	others	are	as	above).	
Non-interacting	hERG	residues	Phe656,	Tyr652	as	well	as	its	SF	residues	are	shown	as	thin	
pink,	blue	and	yellow	sticks.		Hydrogen	atoms	are	not	shown	for	clarity.	
	
	 	



 

 63 

	
	

	
	
	
Figure	3.3.	Representative	binding	poses	of	neutral	(0)	and	cationic	(+)	d-	and	l-sotalol	
to	open	hERG	channel	obtained	 from	US-MD	simulations.	 (A)	 hERG	channel	 –	bound	
sotalol	 structures	 from	 four	 US-MD	 runs	 corresponding	 to	 free	 energy	minima	 for	 each	
simulation	are	superimposed	and	represented	by	different	shades.	Two	opposite	chains	of	
the	 open-state	 hERG	 channel	 structures	 are	 shown	 as	 green	 ribbons.	 Bound	 sotalol	
molecules	 are	 shown	 as	 thick	 colored	 sticks:	 d-sotalol(0)	 –	 blue,	 d-sotalol(+)	 –	 purple,	 l-
sotalol(0)	–	orange,	and	l-sotalol	(+)	–	red	.			hERG	SF	residues	are	shown	as	yellow	thin	sticks,	
and	canonical	binding	residues	F656	and	Y652	as	thin	pink	and	ice-blue	sticks.	(B)	Close-up	
views	of	 sotalol	hERG	binding	poses	 corresponding	 to	 a	dashed	box	 location	 in	panel	A.		
Sotalol	molecules	are	shown	as	thick	atom-colored	sticks	(C	–	cyan,	N	–	blue,	O	–	red,	S	–	
yellow).	hERG	channel	is	shown	by	transparent	green	ribbons	with	residues	within	3.5	Å	of	
sotalol	non-hydrogen	atoms	shown	by	thin	atom-colored	sticks	(C	–	gray,	N	–	blue,	O	–	red).			
Non-interacting	SF,	F656	and	Y652	residues	are	shown	by	thin	colored	sticks	as	in	panel	A.	
Hydrogen	atoms	are	not	shown	for	clarity.	Box	border	coloration	in	panel	B	corresponds	to	
coloration	of	each	isoform	of	d-	and	l-sotalol	in	panel	A.	
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Figure	3.4.	Thermodynamics	and	kinetics	of	d-	and	l-sotalol	binding	to	the	open	hERG	
pore	from	US-MD	simulations.	Free	energy,	DG,	profiles	(A)	and	corresponding	diffusion	
coefficient,	 D,	 profiles	 (C)	 computed	 from	 US-MD	 simulations,	 and	 (B)	 free	 energy,	 DG,		
profiles	 alternatively	 computed	 from	 HREUS-MD	 simulations	 for	 d-sotalol	 (0)	 (blue),	 d-
sotalol	 (+)	 (purple),	 l-sotalol	 (0)	orange,	and	 l-sotalol	 (+)	 (red).	Error	bars	are	computed	
from	block	averaging	and	represent	standard	errors	of	mean.	(D)	Molecular	snapshots	of	d-
sotalol(0)	simulated	systems	with	two	opposite	chains	of	the	open	hERG	channel	shown	as	
green	ribbons,	selectivity	filter	residues	shown	as	yellow	sticks,	and	sotalol	molecule	shown	
in	blue	space-filling	representation	at	the	pore	binding	site	(opaque)	or	in	the	bulk	aqueous	
solution	 (transparent).	 The	 reaction	 coordinate	 for	 these	 simulations	 is	 the	 z-coordinate	
with	 respect	 to	 	 the	 SF	 backbone	  Ca	 center	 of	mass,	 leading	 from	 the	 intracellular	 bulk	
aqueous	solution	(z=–	50	Å)	to	the	bottom	of	the	selectivity	filter	(z=–5.5	Å),	shown	as	an	
arrow	and	a	bounding	box	with	a	20	Å	width	corresponding	to	a	diameter	of	the	flat-bottom		
restraint	in	the	xy-plane.		
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Figure	 3.5.	 d-	 and	 l-Sotalol	 concentration-response	 from	 patch	 clamp	
electrophysiology	experiments.	(Upper	panels)	Whole-cell	currents	from	HEK-293	cells	
expressing	hERG	channels	in	response	to	voltage-clamp	pulses	from	−80	mV	to	+20	mV	and	
then	to	−60	mV	to	record	pulse-current	and	tail	currents,	respectively.	Black	lines	indicate	
the	 control	 currents	 and	blue	 as	well	 as	 red	 lines	 indicate	 the	 decreased	 currents	 in	 the	
presence	of	300	µM	of	d-	or	l-sotalol,	respectively.	(Bottom	panel)	Concentration-response	
for	block	of	hERG	channels	by	d-	(blue)	or	l-sotalol	(red).	Drug	effects	on	tail	current	peak	
amplitude	are	plotted.	Data	are	means	±	standard	error	of	means	(SEM)	from	3	cells	each	for	
d-	or	l-sotalol.	Blue	and	red	curves	represent	the	fitted	Hill	equation.		
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Figure	3.6.		
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Figure	3.6.	Concentration	dependent	block	of	hERG	and	QT	prolongation	by	sotalol.	
(A)	Experimentally	measured	dose	dependent	inhibition	of	hERG	channel	by	sotalol	(colored	
symbols)	and	model	1	optimization	based	on	experiments	by	us	and	others	from	expressed	
channels	in	mammalian	cell	lines	for	d-sotalol	(solid	light-blue	line)	and	for	l-sotalol	(dashed	
black	line).	Black	boxes	indicate	therapeutic	plasma	concentrations.	Experimental	data	are	
from:		Kramer	2013		–		ref.	[169];	Duff	1995	–	ref.	[134];	Perrin	2008	–	ref.	[133];	and	this	
work	–	see	Fig.	3.5.	(B)	Concentration	dependent	increase	in	QT	intervals	by	d,l-sotalol	with	
hERG	channel	block	alone	(blue	circles)	compared	to	clinical	data	(black	diamonds)	from	ref.	
[136].		(C)	During	sympathetic		stimulation	via	concurrent	ISO	1µM	application,	simulations	
showed	a	concentration	dependent	increase	in	QT	interval	by	d,l-sotalol	dependent	hERG	
block	and	bAR	blockade	 (blue	asterisks)	 compared	 to	 clinical	data	 from	ref.	 [136]	 (black	
diamonds).	
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Figure	3.7.		 	
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Figure	3.7.	Validation	of	computational	drug	screening	with	human	clinical	data.	
Experimentally	measured	dose	dependent	inhibition	of	hERG	by	sotalol	(colored	symbols)	
and	model	2	optimization	for	d-sotalol	(solid	red	line)	and	for	l-sotalol	(dashed	black	line).	
using	data	from	ref.	[134].	Experimental	data	are	from:		Kramer	2013		–		ref.	[169];	Duff	1995	
–	 ref.	 [134];	Perrin	et	al,	2008	–	 ref.	 [133];	and	 this	work	–	 see	Fig.	5.	(B)	Concentration	
dependent	increase	in	QT	intervals	by	d,l-sotalol	with	hERG	channel	block	alone	(red	cicrles)	
compared	to	clinical	data	(black	diamonds)	from	ref.	[136].	(C)	During	concurrent	ISO	1µM	
application	 to	 model	 sympathetic	 stimulation,	 simulations	 showed	 a	 concentration	
dependent	increase	in	QT	interval	by	d,l-sotalol	dependent	hERG	block	and	bAR	blockade	
(red	asterisks).	Accounting	for	the	effect	of	b-AR	blockade,	the	model	2	predictions	compared	
well	to	clinical	data	from	ref.	[136]	(black	diamonds).			
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Figure	3.8.	Model	prediction	of	Sotalol	effects	on	hERG	block	and	bAR	blockade	during	
ISO	1µM	application.	The	 timecourse	of	pseudo	ECGs	of	model	2	between	820	and	830	
seconds	(red	bars)	at	three	sotalol	plasma	concentrations	are	shown	in	the	left	columns	of	
every	panel.	The	peaks	of	R	and	T	waves	are	plotted	during	a	1000	second	long	simulation	
timecourse	as	summary	data	shown	in	the	right	columns	of	every	panel.		(A)	The	predicted	
additive	 effect	 of	 d-sotalol	 to	 block	 hERG	 and	 bAR	 did	 not	 abolish	 EADs	 at	 any	 tested	
concentrations.	 	 (B)	 l-sotalol	with	both	hERG	and	bAR	blockade	abolished	EADs	at	1200	
ng/ml	 and	higher	 concentrations.	 (C)	 Similar	 to	 l-sotalol,	 racemic	 d,l-sotalol	 1200	ng/ml	
removed	EADs.		
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Chapter	4:	Modeling	Stereospecific	Drug	interactions	with	Beta-Adrenergic	Receptors	
	
4.1	Introduction	
	

“Fear,	range	and	pain,	and	the	pangs	of	hunger	are	all	primitive	experiences	
which	 human	 beings	 share	with	 the	 lower	 animals.	 These	 experiences	 are	
properly	classed	as	among	the	most	powerful	that	determine	the	action	of	men	
and	beasts.	A	 knowledge	of	 the	 conditions	which	 attend	 these	 experiences,	
therefore,	is	of	general	and	fundamental	importance	in	the	interpretation	of	
behavior.	
	
Walter	Bradford	Cannon,	in	Preface	to	“Bodily	Changes	in	Pain,	Hunger,	Fear,	
and	Rage,”	1915.	

	

Walter	 Bradford	 Cannon,	 the	 American	 physiologist	 who	 developed	 the	 theory	 of	

homeostasis,	defined	the	term	“fight-or-flight”	to	describe	the	downstream	consequences	of	

activation	of	the	Sympathetic	Nervous	System,	or	SNS[196,	197].	SNS	stimulation	opposes	

the	action	of	the	Parasympathetic	Nervous	System,	or	PNS,	which	mediates	the	“Rest-and-

Digest”	and	“Breed-and-Feed”	processes[197,	198].	The	proper	balance	of	these	autonomic	

systems	is	fundamental	to	human	physiology	and	well-being.	As	society	grows	more	aware	

of	the	autonomic	nervous	system,	and	as	autonomic	dysregulation	grows	more	abundant,	

medicines	have	been	developed	to	lay	a	finger	on	the	homeostatic	balance	between	the	SNS	

and	PNS.		

	

SNS	stimulation	of	the	cardiovascular	system	increases	cardiac	output	by	increasing	heart	

rate,	the	force	of	contraction,	and	conduction	rate;	consequently,	more	blood	is	supplied	to	

the	 body,	 a	 necessary	 physiological	 adjustment	 in	 circumstances	 of	 danger,	 terror,	 or	

exertion[197].	 Excessive	 stimulation	 of	 the	 sympathetic	 pathway	may	 induce	 potentially	

deadly	arrhythmias,	especially	in	situations	with	underlying	cardiac	disease[10,	199].	The	

release	 of	 one	 of	 either	 catecholamine	 neurotransmitters	 norepinephrine	 (NE),	 released	
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from	cardiac	sympathetic	neurons,	or	epinephrine	(Epi),	released	from	the	medulla,	initiates	

cardiac	 sympathetic	 stimulation[22].	 Alternatively	 known	 as	 “adrenaline	 and	

noradrenaline,”	these	substances	drive	the	fight-or-flight	response	by	binding	the	G-protein	

coupled	 receptors	 (GPCRS)	 named	 beta-adrenergic	 receptors	 (βARs),	 which	 are	 seven-

transmembrane	segment	proteins	found	within	the	cardiac	myocytes	of	the	human	heart	and	

other	vascular	tissues	[25,	200].	By	binding	to	beta-adrenergic	receptors,	NE	or	Epi		induce	

the	 receptor	 to	 activate	 the	 stimulatory	 G-protein	 Gs.	 Activation	 of	 Gs	 begins	 the	 cAMP-

induced	 PKA	 phosphorylation	 of	 a	 multitude	 of	 cellular	 targets	 that	 exert	

electrophysiological	 changes	 necessary	 to	 increase	 contractility[22].	 By	 inhibiting	 the	

binding	of	NE	or	Epi	 to	beta-adrenergic	receptors,	one	prevents	the	deleterious	effects	of	

excessive	sympathetic	stimulation.	Drugs	that	prevent	this	action	through	antagonism	are	

termed	beta	blockers[22].		Beta	blockers	are	widely	used	to	treat	cardiac	irregularities	such	

as	 atrial	 fibrillation,	 myocardial	 infarction,	 and	 heart	 failure[22].	 There	 are	 three	 βAR	

subtypes	 within	 the	 human	 heart:	 β1,	 which	 accounts	 for	 approximately	 75	 to	 80%	 of	

receptors,	β2,	for	15%	to	18%,	and	β3	for	only	2%	to	3%	of	βARs[201].	Though	it	is	critical	to	

note	that	in	the	failing	human	heart,	the	ratio	of	β1	and	β2	subtype	becomes	approximately	

equal[202].	 Beta	 blockers	 have	 different	 affinities	 for	 each	 subtype[203],	 and	 the	

populations	βARs	in	non-cardiac	vascular	tissue	differ.	Namely,	β2AR	is	more	prevalent	in	

arteries	than	in	the	heart	and	is	thus	the	predominant	target	of	the	nonselective	hypotensive	

beta-blocker	propranolol	 [204,	205].	Beta	blockers	which	predominantly	target	β1AR	are	

“cardioselective”	 and	 are	 the	 third	 generation	 of	 beta-blockers[206].	 However,	 there	 is	

another	factor	that	may	affect	affinity:	stereoselectivity.		
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In	 Chapter	 3,	 we	 discussed	 the	 multi-target	 effects	 of	 the	 antiarrhythmic	 dl-sotalol,	 a	

stereoisomeric	 beta-blocking	 drug	 in	 functional	 scale	 cardiac	 electrophysiological	

simulations.	While	both	d-	and	l-sotalol	are	capable	of	blocking	hERG	ion	channel	current,	

only	l-sotalol	is	capable	of	binding	beta-adrenergic	receptors	with	a	high	enough	affinity	to	

attenuate	sympathetic	stimulation	at	physiological	dose.	DeMarco	et	al.	concluded	that	when	

modeling	hERG	potassium	channel	block,	either	sotalol	stereoisomer	is	sufficient	to	induce	

the	 markers	 of	 deadly	 arrhythmia	 in	 the	 absence	 of	 any	 simulated	 sympathetic	

stimulation[15].	However,	incorporating	adrenergic	signaling	into	the	model	eliminates	the	

arrhythmogenic	markers	for	l-sotalol,	but	not	d-sotalol.	Indeed,	the	different	selectivity	for	

sotalol	 has	 been	 long	 known	 because	 of	 the	 fatal	 Survival	With	 ORal	 D-sotalol	 trial[18],	

wherein	 the	 administration	 of	 d-sotalol	 to	 intentionally	 block	 hERG	 current	 in	 patients	

proved	 to	 be	 deadly.	 However,	 the	 precise	 molecular	 mechanism	 governing	 this	

stereoselective	block	is	not	known.	Furthermore,	the	prototypical	beta-blocker	propranolol	

also	exhibits	stereospecificity	towards	beta	receptors[207]	and	can	block	hERG	channel	[19-

21],	yet	whether	R-propranolol	similarly	is	also	capable	of	being	pro-arrhythmic	in	the	same	

manner	as	d-sotalol	is	unclear.	In	fact,	most	beta	blockers	are	administered	as	racemates.	

Identifying	 the	 mechanisms	 through	 which	 beta-adrenergic	 receptors	 exhibit	 selectivity	

towards	stereoisomers	in	molecular	simulation	merits	consideration.			

	

In	this	chapter,	we	discuss	the	modeling	of	beta-blockade	at	the	molecular	level	for	the	drugs	

d-sotalol,	 l-sotalol,	R-propranolol,	and	S-propranolol	and	receptor	interactions	with	NE	to	

assess	 the	 model	 quality	 and	 finally	 establish	 whether	 molecular	 interactions	 can	 be	

identified	which	govern	stereoselectivity	attributable	to	cardiac	risk	(Table	4.2).	To	do	so	
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requires	models	of	 the	beta-adrenergic	 receptor	 subtypes	β1	and	β2	which	predominate	

cardiac	 sympathetic	 stimulation	 in	 healthy	 and	 pathological	 conditions.	 As	 it	 is	 unclear	

whether	these	antagonists	prefer	the	active	or	inactive	state	conformations	or	whether	the	

stereospecific	selectivity	manifests	as	such,	models	of	both	the	active	and	inactive	receptor	

are	necessary	for	either	subtype.	It	is	further	important	to	consider	the	participation	of	the	

stimulatory	G-protein	in	maintaining	an	active	state	for	drug	binding;	therefore,	active	state	

models	with	and	without	the	Gs	heterotrimer	are	considered.	

 
4.2 	Methods	

4.2.1.	Preparation	of	β2AR	&	β2AR-Gs	templates		

Multiple	structures	of	beta-adrenergic	receptors	and	g-proteins	are	available	on	the	Protein	

Databank,	though	not	all	of	them	are	of	the	human	sequence.	While	the	sequences	of	bovine	

and	rat	G-protein	subunits	are	identical	to	those	of	Homo	sapiens,	the	same	is	not	true	for	the	

beta-1	adrenergic	receptor	and	the	turkey-derived	structures	available	at	the	time	this	work	

began.	Furthermore,	physiologically	impactful	components	such	as	the	ICL3	are	not	readily	

resolved	because	of	their	intrinsic	disorder.	In	order	to	model	the	unresolved	regions	of	the	

beta-adrenergic	receptor	protein,	templates	must	be	prepared	from	available	experimental	

structural	templates	which	may	further	differ	in	their	originating	organism.	

Therefore,	 models	 were	 prepared	 identically	 in	 preparation	 for	 homology	 modeling	 to	

maintain	consistent	methodology	for	de	novo	modeling,	but	only	the	β1AR	model	is	a	true	

homology	model.	

	

	The	 published	 x-ray	 crystallographic	 structure	 of	 adrenaline-activated	 β2AR	 bound	 to	 a	

high-affinity	camelid	antibody	(PDB:	4LDO)	was	obtained	from	the	Protein	DataBank	(PDB)	
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to	serve	as	a	template	for	the	activated	receptor	model[208].	For	the	protein	complex	model	

incorporating	 the	Gs	 heterotrimer,	 a	Gs	 heterotrimer	 template	was	 isolated	 from	 the	 3D	

coordinates	of	the	X-ray	crystallographic	structure	of	the	β2AR-Gs	complex	bound	to	agonist	

P0G	(PDB:	3SN6)[209].	The	3D	coordinates	were	obtained	as	biological	assemblies	oriented	

by	 the	Orientations	 of	 Proteins	 in	Membranes	 (OPM)	 database	 to	 be	 used	 for	molecular	

dynamics	simulation[210].	The	adrenaline-bound	receptor	4LDO	was	aligned	to	3SN6	using	

UCSF	Chimera	Matchmaker	and	then	used	to	replace	the	P0G-bound	receptor	of	3SN6;	then	

all	 ligands	 and	 non-native	 protein	 fragments	 including	 the	 camelid	 antibody	 were	

removed[58].	 The	 resulting	 template	 structure	 consisted	 of	 the	 beta-adrenergic	 receptor	

isolated	from	PDB	ID	4LDO		in	complex	with	the	Gs	heterotrimer	from	PDB	ID		

	
3SN6.	This	complex	was	then	assessed	for	steric	clashes	within	van	der	Waals	radii	and	was	

found	free	of	collisions	and	thus	suitable	for	structural	modeling.	

	

4.2.2.	β2AR	&	β2AR-Gs	loop	rebuilding	

The	 β2AR	 structure	 4LDO	 has	 unresolved	 the	 intracellular	 loop	 3	 (ILC3),	 as	 well	 as	 the	

termini	and	similarly	disordered	portions	of	the	G-protein.	These	regions	were	modeled	de	

novo	 using	 the	 ROSETTA	 implementation	 of	 fragment-based	 cyclic	 coordinate	 descent	

method	(CCD)[55,	211].	Target	sequences	for	remodeled	regions	of	either	the	human	β2AR		

(Fig.	4.2)	and	the	Gs	heterotrimer	(Fig.	4.3)	were	obtained	from	UniProt[212]	and	visualized	

using	Jalview[213].	The	Hybridize	Mover	of		Rosetta	comparative	(RosettaCM)	modeling	was	

applied	with	the	Rosetta	Membrane	Energy	Function[214]	to	generate	ten	thousand	decoy	

models	 of	 loop-rebuilt	 β2Ar-Gs	 from	 which	 a	 candidate	 model	 was	 selected	 for	 further	

simulation[40,	 215,	 216].	 Rosetta	 clustering	 analysis	 with	 root-mean-squared	 deviation	
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values	 was	 used	 to	 assess	 the	 convergence	 of	models	 into	 different	microstates	 using	 a	

radius	of	2.5	Aw [56].	The	lowest-energy	model	of	the	most	populated	cluster	was	selected	as	

a	candidate	model	for	additional	refinement	(Fig.	4.4).	

	

Energy	minimization	was	then	applied	to	relax	the	backbone	and	sidechain	region	of	rebuilt	

portions	of	β2AR-Gs	complex.	One	thousand	energy-minimized	decoys	were	generated	from	

the	sequence-complete	β2AR-Gs	using	the	Rosetta	FastRelax	application	with	the	membrane	

energy	function[217].	Relaxation	was	permitted	only	to	residues	that	were	modeled	de	novo	

or	residues	within	3.5	Aw 	of	 the	α5	helix	of	Gsα	subunit	of	 the	Gs	heterotrimer.	The	 lowest	

energy	decoy	was	then	selected	for	ligand	docking	and	MD	simulations.  

 
	
4.2.3.	Preparation	of	active	β1AR-Gs	and	inactive	β1AR	templates		

The	published	X-ray	crystallographic	structure	of	isoprenaline-activated,	turkey	β1AR	bound	

to	nanobody	Nb80	(PDB:	6H7J)	was	obtained	from	the	PDB	as	biological	assemblies	 lipid	

membrane	oriented	by	the	OPM	database[218].	To	form	the	human	β1AR-Gs	complex,	the	

sequence-complete	Gs	heterotrimer	model	was	 isolated	 from	our	β2AR-Gs	 complex	model	

derived	from	its	X-ray	crystallographic	structure	(PDB:	3SN6),	ensuring	continuity	of	the	G-

protein	conformation	between	models[209].	The	isoprenaline-bound	receptor	from	PDB	ID	

6H7J	 structure	 was	 aligned	 to	 our	 β2AR-Gs	 candidate	 model	 using	 UCSF	 Chimera	

Matchmaker	to	ensure	consistency	 in	orientation	with	the	G-protein-free	template	and	to	

replace	 the	 β2AR	 receptor	 model	 with	 the	 activated	 turkey	 β1AR	 to	 create	 a	 β1AR-Gs	

templates[58].	 All	 ligands	 and	 non-native	 proteins	 including	 isoprenaline	 and	 nanobody	

Nb80	were	then	removed.	The	resulting	template	structures	consisted	of	the	turkey	beta1-
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adrenergic	 receptor	 6H7J	 in	 complex	with	 our	 previously	modeled	 Gs-heterotrimer.	 The	

turkey	β1AR-Gs	complex	was	assessed	similarly	for	steric	clashes	using	van	der	Waals	radii	

before	homology	modeling.		

	

4.2.4.	β1AR	&	β1AR-Gs	homology	modeling	

Homology	modeling	was	used	to	generate	putative	receptor	models	of	human	active-state	

β1AR	and	β1AR-Gs	complex	from	their	homologous	turkey-derived	template	structures	using	

a	target	sequence	for	human	β1AR	obtained	from	Uniprot.	Sequence	similarity	between	the	

human	 and	 turkey	 structures	 was	 (48.65%),	 permitting	 effective	 use	 of	 comparative	

modeling	 via	RosettaCM.	Much	of	 the	divergence	between	 the	β2AR	and	β1AR	 sequences	

originate	within	the	length	of	the	ICL3;	β1AR	6H7J	structure	lacks	sixty	residues	in	the	ICL3	

region,	compared	to	twenty-seven	in	β2AR	4LDO.	Therefore,	multiple	sequence	alignment	

using	Clustal	Omega	was	first	performed	to	determine	the	identical	start	and	end	points	for	

structural	modeling[219,	220].	Human	β1AR	was	modeled	to	complete	the	ICL3	and	to	match	

with	 the	N-	and	C-termini	of	our	β2AR	model,	which	has	 the	 identical	sequences	 in	 those	

regions.	 Partial	 threading	 was	 first	 performed	 to	 generate	 a	 sequence-correct	 human	

template	model	fitted	into	the	geometry	of	the	turkey	structure	and	in	accordance	with	the	

sequence	 alignment.	 Then	 RosettaCM	 was	 applied:	 fragment-based	 method	 for	 protein	

structure	 building	 using	 templates	 sampled	 from	 a	 pre-generated	 fragment	 library	 to	

complete	missing	regions	in	a	three-stage	protocol	that	completes	and	refines	the	modeled	

geometry	in	a	Monte	Carlo	trajectory.	First,	fragment	recombination	is	used	to	construct	a	

sequence-complete	template.	Recombination	is	performed	by	inserting	fragments	in	torsion	

space	from	randomly	those	randomly	selected	from	the	fragment	library,	and	then	scored	
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using	the	low-resolution	centroid	scoring	function.	Second,	to	optimize	this	geometry	and	

correct	for	unrealistic	backbone	lengths,	de	novo	fragments	or	library-based	fragments	are	

randomly	super-imposed	to	substitute	particularly	distorted	regions	of	the	first	stage	output	

and	 then	 concludes	 with	 another	 round	 of	 full-backbone	 energy	 minimization	 using	 a	

cartesian	 space	 centroid	 energy	 function.	 After	 one	 thousand	 runs,	 the	 lowest	 energy	

structure	is	passed	to	the	third	stage.	In	the	third	stage,	side-chains	are	incorporated	into	the	

model	using	Rosetta’s	Monte	Carlo	combinatorial	side-chain	optimization,	and	subsequently	

minimized	using	“FastRelax.”	The	Rosetta	Membrane	Energy	Function	REF15[221]	was	used	

for	 centroid	 and	 full-atom	 scoring[40].	 Ten	 thousand	decoy	models	 of	 β1AR	and	β1AR-Gs	

were	 generated	 from	 which	 candidate	 models	 were	 selected	 [40,	 215,	 216].	 Rosetta	

clustering	analysis	was	used	to	assess	the	convergence	of	models	into	different	microstates	

based	on	 their	RMSDs	using	a	 radius	of	2.5	Aw 	 [56].	The	 lowest-energy	decoy	of	 the	most	

populated	 cluster	 was	 selected	 as	 the	 candidate	 model	 for	 additional	 refinement	 using	

Rosetta	FastRelax	[217].	One	thousand	energy-minimized	decoys	were	generated	for	either	

candidate	homology	model.	Relaxation	was	permitted	only	to	residues	that	were	modeled	

de	novo	or	residues	within	3.5	Aw 	of	the	α5	helix	of	Gsα	subunit	of	the	Gs	heterotrimer.	The	

lowest	energy	decoy	was	then	selected	for	ligand	docking	and	MD	simulations.	

For	the	inactivated	state,	the	isoprenaline-bound	turkey	β1AR	structure	(PDB:	2Y03)	“with	

stabilizing	mutations”	was	chosen	as	a	template	and	prepared	identically,	but	without	the	Gs	

heterotrimer[222].	Though	isoprenaline	is	an	agonist,	 this	structure	adopts	an	inactivate-

like	conformation,	and	because	it	lacks	any	auxiliary	proteins	such	as	nanobodies	within	the	

cytosolic	 region	 it	 may	 serve	 as	 a	 control	 for	 assessing	 allosteric	 effects	 in	 subsequent	

molecular	dynamics	simulations.	
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Preparation	of	Human	β1AR	&	β!AR-Gs	Templates	from	Crystallographic	Structures		

The	release	of	a	more-contemporary	membrane	energy	function	“Franklin2019”	[221],	and	

critically	 important	 the	 publishing	 of	 multiple	 structures	 of	 the	 human	 β1-adrenergic	

receptor,	 necessitated	 a	 second	 pass	 at	 the	 modeling	 both	 states	 of	 β1AR,	 and	 their	

interactions	with	the	G-protein.	Xu	et	al.	published	crystal	structures	of	the	human	β1AR	in	

complex	with	epinephrine	(PDB:	7BU6)	and	the	antagonist	carazolol	(PDB:	7BVQ)	bound	to	

the	nanobody	6B9	[223].	These	structures	were	selected	as	templates	for	active	and	inactive	

state	models	of	β1AR,	respectively.		The	previously	modeled	Gs	heterotrimer	derived	from		

	
PDB	 structure	 3SN6	 was	 used	 to	 form	 a	 human	 β1AR-Gs	 complex	 template.	 All	 model	

coordinates	were	obtained	as	biological	assemblies	oriented	by	the	Orientations	of	Proteins	

in	Membranes	(OPM)	database,	but	were	subsequently	aligned	to	the	previously	developed	

β2AR-Gs	model	and	cleaned	of	 ligands	and	all	non-native	peptides	using	UCSF	Chimera	to	

ensure	consistent	orientation[58,	210].	The	human	β1AR-Gs	complex	was	assessed	for	steric	

clashes	using	van	der	Waals	radii	before	proceeding	to	loop	modeling.		

	

4.2.5.	β1AR	&	β1AR-Gs	loop	rebuilding	

The	β1AR	structure	lacks	coordinates	for	the	ICL3,	which	in	β1AR	is	substantially	longer	and	

potentially	 more	 disordered	 than	 its	 β2AR	 counterpart.	 To	 harness	 the	 new	 membrane	

energy	 function	“Franklin2019”,	a	stepwise	protocol	was	devised	 in	place	of	comparative	

modeling	to	achieve	better	convergence.	To	model	the	sixty-residue	long	ICL3	and	eleven	

residues	of	C-terminus	de	novo,	loop	reconstruction	was	performed	using		kinematic	closure	

with	 fragments	 in	 staged	 process[42].	 One	 thousand	 decoys	 of	 the	 ICL3-added	 receptor	
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models	were	generated	and	clustered	using	RMSDs	with	a	radius	of	5	Aw ,	and	a	candidate	

model	was	selected	from	the	lowest	energy	cluster.	Four	thousand	decoy	models	with	added	

C-terminus	were	then	generated,	and	a	top	candidate	model	was	selected	from	the	lowest	

energy	cluster	after	clustering	using	RMSDs	with	a	radius	of	0.8	Aw .	Relaxation	was	performed	

using	FastRelax	and	the	Franklin2019	membrane	energy	function	after	ligand	docking	was	

performed	as	described	below.	

	

4.2.6.	RosettaLigand	docking	of	endogenous	norepinephrine	and	beta	blockers	to	βAR	

models	

ROSETTA-Ligand[224-226]	 was	 used	 to	 simulate	 the	 docking	 of	 ligands	 to	 β-adrenergic	

receptors.	Up	to	200	rotamers	and	Rosetta	energy	function	parameters	were	generated	for	

the	 ligands	 norepinephrine,	 R-propranolol,	 S-propranolol,	 d-sotalol,	 and	 l-sotalol	 by	

OpenEye	 Omega	 [227]	 and	 ROSETTA	 scripts.	 A	 box	 size	 of	 5	 Aw 	 was	 used	 for	 ligand	

transformations	such	as	rotation,	translation,	and	conformational	changes	along	with	a	7	Aw 	

ligand	distance	cutoff	for	side	chain	and	backbone	reorientations	(with	<0.3	Aw 	Cα	restraint).		

50,000	docked	poses	were	generated	in	each	run	with	the	top	10%	selected	by	total	score,	

out	of	which	the	fifty	lowest-interfacial	score	decoys	were	verified	for	their	convergence	and	

accuracy	with	the	crystallized	ligand	of	their	original	PDB	template	structure.	Subsequent	

molecular	dynamics	simulations	were	conducted	using	the	absolute	lowest-interfacial	score	

structure	to	serve	as	the	candidate	model,	unless	otherwise	specified.	Analysis	of	binding	

sites	was	performed	in	UCSF	Chimera[58]	and	using	the	Protein-Ligand	Interaction	Profiler	

or	PLIP[228].  
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4.2.7.	Molecular	dynamics	simulations	

	
Molecular	dynamics	were	used	to	better	understand	state-specific	dynamics	and	stability	of	

the	human	beta-adrenergic	receptor	complexes	and	the	nature	of	their	interaction	with	beta	

blockers.	 CHARMM-GUI	 Membrane	 Builder[46,	 67,	 229-232],	 an	 online	 web	 service	 for	

establishing	initial	systems	for	MD	simulations	using	the	CHARRM	force	field[46],	was	used	

to	create	systems	of	hundreds	of	thousands	of	atoms.	The	CHARMM-GUI	Membrane	Builder	

follows	a	five-step	protocol	where	PDB	coordinates	are	first	read	into	the	web	server	and	

then	oriented	according	to	parallel	XY-planes	representing	the	upper	and	lower	leaflets.	The	

dimensions	 of	 the	 system	 are	 then	 determined,	 including	 the	 minimal	 extent	 of	 water	

needed.	 Fourth,	 the	 individual	 components	 are	 calculated	 and	 built	 separately:	 the	 lipid	

bilayer	is	placed	around	the	protein,	water	molecules	are	placed	to	solvate	the	protein,	and	

ions	are	placed	using	Monte	Carlo	sampling	to	populate	the	solvent	according	to	a	prescribed	

concentration.	Fifth,	these	individually	built	components	are	assembled	into	a	single	system.	

Sixth,	the	system	and	pre-determined	equilibration	protocol	are	provided	to	the	user,	though	

this	equilibration	protocol	is	inadequate,	and	the	presented	systems	underwent	additional	

equilibration. 	

	

Using	 this	 methodology,	 each	 beta-adrenergic	 receptor	 model	 was	 embedded	 in	 a	

heterogenous	 lipid	bilayer	of	palmitoyl-oleoyl-phosphatidylcholine	(POPC)	and	palmitoyl-

oleoyl-phosphatidylserine	 (POPS)	 of	 approximately	 two	 hundred	 lipids	 per	 leaflet.	 This	

composition	was	adopted	from	previous	simulations	by	Dror	et	al..	2015[233],	and	consisted	

of	an	upper	leaflet	of	POPC	lipids	and	a	bottom	leaflet	70:30	mixture	of	POPC:POPS	lipids.	

Protonation	 states,	 terminal	 group	 patching,	 histidine	 protonation,	 and	 lipidations	 were	
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similarly	 derived	 from	 Dror	 et	 al.,	 2015.	 Critically,	 each	 receptor	 was	 protonated	 at	 the	

equivalent	 residues	 Glu147	 and	 Asp155	 for	 β1AR,	 or	 Glu122	 and	 Asp130	 for	 β2AR.	 S-

palmitoylation	 is	 specified	 Cys392	 in	 β1AR	 and	 Cys341	 in	 β2AR.	 For	 all	 simulations	

incorporating	 the	 G-protein,	 heterotrimer,	 the	 three	 additional	 residues	 were	 further	

lipidated:	Gly2	of	Gsα	was	myristoylated	and	Cys3	palmitoylated,	while	Cys68	of	Gγ	was	

geranlygeranylated.	Beta-receptors	were	given	acetylated	N-termini	and	methylamidated	C-

termini	as	terminal	patches.	When	included,	the	heterotrimeric	G-protein	termini	were	also	

patched.	Gsα	was	given	a	standard	C-terminus,	but	as	the	N-terminus	of	Gsα	forms	the	crucial	

α-5	helical	insertion	that	mediates	receptor	association,	Gsα	was	given	no	N-terminal	patch.	

Gβ	 had	 an	 acetylated	 N-terminus	 and	 a	 standard	 C-terminus.	 Gγ	 had	 an	 acetylated	 N-

terminus	 and	 methylated	 C-terminus	 as	 this	 region	 inserts	 into	 the	 lower	 leaflet.	 All	

histidines	were	epsilon-protonated,	except	residues	225	and	331	of	Gβ	which	were	instead	

delta	 protonated.	 The	 system	 was	 solvated	 with	 150mM	 aqueous	 NaCl	 using	 the	

CHARMM36m	all-atom	force	field.		The	TIP3P	water	model	was	used.	Parameters	for	drugs	

norepinephrine	 and	 RS-propranolol	 were	 first	 obtained	 via	 CGENFF	 [234,	 235],	 the	

generalized	CHARMM	force	field	for	small	molecules.	Norepinephrine	was	further	optimized	

using	the	FFTK	protocol	in	conjunction	with	Gaussian	software[236,	237].	Parameters	for	

sotalol	were	generated	by	Drs.	Kevin	DeMarco	and	Igor	Vorobyov	and	published	in	DeMarco	

et	al,	2021[15].	

	

Simulations	 were	 performed	with	 Nanoscale	Molecular	 Dynamics	 (NAMD)	 software[47].	

Simulations	were	conducted	in	an	NPT	ensemble	at	1	atm	pressure	and	310K.	Visualizations	

and	analysis	were	performed	in	VMD[238]	and	using	in-house	scripts.	To	extend	timeframes	
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on	 the	 order	 of	 microseconds,	 equilibrated	 systems	 were	 run	 on	 the	 ANTON	

supercomputer[239,	240].	

	

4.2.8.	Equilibration	protocol		

All	 systems	 underwent	 a	 40-nanosecond	 staged	 equilibration	 protocol	 to	 allow	 time	 for	

added	regions	of	the	proteins	to	rearrange,	without	risking	the	stability	of	the	protein	core,	

and	 to	 establish	 reference	 data	 for	 the	 drug	 poses	 to	 compare	 conformations	 with	 and	

without	restraints.	

 

 
4.3	Results	

4.3.1	Modeling	active	and	inactive	state	beta	adrenergic	receptors	using	RosettaCM	

Ten-thousand	decoy	models	were	generated	 for	both	active	and	 inactive	states	of	human	

β2AR	 and	 β1AR	 structural	 models	 derived	 using	 human	 β2AR	 or	 turkey	 β1AR	 template	

structures	with	RosettaCM.	For	active-state	models,	bound	stimulatory	G	(Gs)	protein	was	

present	based	on	its	structure	from	the	β2AR-Gs	complex	(PDB	ID:	3SN6).	The	top	four	most-

Stage	 Steps	 Duration(ns)	 Restraint	(kcal/mol)	
1	 7.1	-	7.4	 4	 1.0	for	all	backbone	Cα	carbons.	
2	 7.5	-	7.10	

	
6	 1.0	 for	 backbone	 Cα	 carbons	 not	

modeled	de	novo.	
3	 7.11	-	7.15	 5	 0.5	 for	 backbone	 Cα	 carbons	 not	

modeled	de	novo.	
4	 7.16	–	7.20	 5	 0.25	 for	 backbone	 Cα	 carbons	 not	

modeled	de	novo.	
5	 7.21	–	7.30	 10	 0.1	 for	 backbone	 Cα	 carbons	 not	

modeled	de	novo.	
6	 7.31	–	7.40	 10	 0.5	for	backbone	Cα	carbons	within	3.5	Å	

of	docked	or	crystallographic	ligand.	
7	 7.41	–	90	 50	 No	restraint.	

Table	4.1.	Restraint	Regime	for	Extended	Equilibration.	
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populated	clusters	were	examined	for	each	of	them,	but	no	clear	relationship	between	root-

mean-square	deviation	(RMSD)	from	the	top-scoring	decoy	and	a	given	decoy’s	score	could	

be	established	(Fig.	4.5	B&D).			

In	the	case	of	active	state	β1AR,	the	intracellular	loop	3	(ICL3)	was	so	disordered	such	that	

clusters	 were	 entirely	 governed	 by	 the	 orientation	 and	 direction	 of	 ICL3	 and	 not	 its	

secondary	structure.	Therefore,	the	candidate	model	was	chosen	based	on	the	assumption	

that	the	ICL3	would	not	readily	penetrate	region	which	Rosetta	treats	as	implicit	membrane.	

The	candidate	model	was	thus	the	top	scoring	decoy	from	cluster	2	(Fig.	4.5	A).	Curiously,	

loop	remodeling	with	the	membrane	energy	function	permitted	loops	to	traverse	into	the	

implicit	membrane.	As	Gsα	was	present	during	loop	remodeling,	the	ICL3	could	not	similarly	

be	built	downwards	into	solvent	as	it	could	be	outward	or	upward.	

As	the	ICL3	of	β2AR	is	significantly	shorter	than	that	of	β1AR	(10	residues	vs.	30	residues	in	

β1),	 the	 loop	 would	 not	 rebuild	 into	 implicit	 membrane	 region,	 and	 clusters	 therefore	

aggregated	either	away	from	or	adjacent	to	Gsα.	(Fig.	4.5	C).	In	this	instance,	the	top	scoring	

decoy	of	the	lowest-energy	cluster	was	selected	as	the	candidate	model	(Fig.	4.5	C).		

The	same	protocol	and	selection	criteria	were	applied	to	select	an	inactive	state	β2AR	model	

(Fig.	4.4	A,	top)	in	the	absence	of	the	Gs	heterotrimer.	For	inactive	β1AR	the	lack	of	the	G-

protein	 meant	 ab	 initio	 modeling	 of	 an	 entirely	 unconstrained	 thirty-residue	 long	 ICL3.	

Clustering	yielded	twenty	low-population	clusters	(Fig.	4.6B)	that	lacked	any	predominant	

secondary	structure	aside	from	the	top-scoring	model	(Fig.	4.6C)	which	was	selected	to	be	

the	candidate	model	and	relaxed.	
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4.3.2	Docking	of	norepinephrine	into	RosettaCM-derived	active	and	inactive	state	beta	

adrenergic	receptors	

To	validate	preservation	of	the	ligand	binding	pocket	and	to	generate	representative	models	

of	 functional	 receptor	 complex	 with	 its	 endogenous	 ligand,	 neutral	 and	 cationic	

norepinephrine	 were	 docked	 into	 active	 state	 models	 of	 both	 receptors	 as	 well	 as	 the	

inactive	 state	 model	 of	 β2AR	 (Fig	 4.7).	 Top	 fifty	 poses	 for	 all	 conditions	 except	 neutral	

norepinephrine	 in	 active	 β2AR	 exhibited	 tight	 binding.	 Only	 in	 the	 case	 of	 cationic	

norepinephrine	docking	to	active	β2AR	was	the	crystallographic	epinephrine	binding	pose	

(Fig	4.7A)	consistently	recapitulated.	The	order	of	peak	probabilities	of	interfacial	scores	or	

interaction	 energies	 (IE)	would	 suggest	 that	 the	more	 similar	 the	 crystal	 ligand	 is	 to	 the	

docked	 ligand,	 the	 lower	 the	 IE.	 The	mean	 IE	 of	 docked	 norepinephrine	 into	 a	 formerly	

epinephrine	occupied	binding	pocket	from	PDB	ID	4LDO	is	more	favorable	than	docking	into	

a	formerly	isoprenaline	(agonist)	or	propranolol	(antagonist)	bound	models	based	on	PDB	

IDs	6H7J	and	6PS5,	respectively[218,	241].	However,	their	probability	distributions	nearly	

overlap	(figure	4.7D).	This	trend	is	abolished	for	the	case	of	neutral	norepinephrine,	despite	

mostly	tight	geometric	convergence	within	the	binding	pocket,	a	change	likely	attributable	

to	expected	much	higher	affinity	of	cationic	NE	binding	to	β2AR,	which	cannot	be	directly	

assessed	using	Rosetta	energy	scoring	function.	

	

4.3.3	Docking	of	stereoisomeric	beta	blockers	into	RosettaCM-derived	inactive	state	

beta	adrenergic	receptor	

The	top	fifty	scoring	poses	of	docked	d-	and	l-sotalol	docked	to	inactive	β1AR	occupy	nearly	

identical	 regions	 of	 the	 binding	 pocket	 and	 their	 	 IEs	 in	Rosetta	 Energy	Units	 (REU)	 are	
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statistically	indistinguishable	(l-sotalol:	-10.64	+/-	0.71	REU	versus	d-sotalol	-10.67	+/-	0.37	

REU,	averaged	over	the	top	50	poses)	(Fig.	4.8A).	Their	top	binding	poses	both	have	their	

sulfonamide	moiety	 in	 the	 same	orientation	within	 the	 binding	 pocket,	 and	 coordinating	

with	 Ser228	 but	 not	 Ser232.	 Both	 serine	 residues,	 denoted	 Ser	 S5.24	 S5.46	 Ballesteros-

Weinstein	 nomenclature[242]	 govern	 catechol	 hydroxyl	 recognition[243]	 as	 seen	 in	 the		

crystal	 structures	 for	 β1AR-Epinephrine(	 PDB	 ID:	 7BTS)	 and	 β1AR-Norpinephrine(PDB	

ID7BU6),	 and	 the	 and	 crystal	 structures	 of	 β2AR-Epinephrine(PDB	 ID:	 4lDO)(Fig.	 4.8	

A&B)[223].	Cationic	RS-propranolol,	being	a	larger	molecule,	occupied	a	larger	volume	of	

the	binding	pocket,	including	a	region	deeper	into	β1AR	interior,	which	is	seldomly	sampled	

by	sotalol	(Fig.	4.9A&B).	The	mean	IEs	of	the	top	fifty	poses	for	both	stereoisomers	lie	within	

error	of	one	another	(S-propranolol:	-13.19	+/-	0.34	REU	versus	d-sotalol	-13.31	+/-	0.64	

REU).	Both	sets	of	docking	data	tougher	indicate	that	IEs	computed	using	RosettaLigand	may	

not	account	for	experimentally	known	stereospecificity	against	the	β1AR	homology	model.	

Therefore,	 molecular	 dynamics	 simulations	 were	 conducted	 based	 upon	 the	 candidate	

sotalol-β1AR	complexes	shown	in	Fig.	4.8B.	

	

4.3.4	Molecular	dynamics	of	sotalol	interactions	with	the	human	β1AR	homology	model	

To	 test	 whether	 incorporating	 dynamics	 into	 these	 systems	 could	 potentially	 reveal	 the	

stereospecific	 drug	 binding	 preferences,	 the	 candidate	 poses	 of	 human	 β1AR	 homology	

model	 docked	 to	 either	 d-	 or	 1-sotalol	 were	 simulated	 using	 fully	 atomistic	 molecular	

dynamics.	 However,	 as	 the	 docking	 simulations	 suggested,	 no	 stereospecific	 preferences	

were	 observed	 in	MD	 simulations	 either.	 Fig.	 4.10	 depicts	 results	 of	multi-microsecond	

unbiased	MD	simulations	of	 either	 sotalol	 stereoisomer	bound	 to	 the	 inactive-state	β1AR	



 

 87 

model.	 Between	 the	 two	 stereoisomers,	 l-sotalol	 reorients	 most	 significantly	 during	 the	

simulation,	yet	both	maintain	the	same	orientation	within	the	binding	pocket	and	end	the	

simulation	at	approximately	4	Aw 	RMSD	with	respect	to	the	initial	binding	pose.	Curiously,	

while	both	drugs	begin	with	similar	positions	of	their	sulfonamide	group	with	respect	to	the	

receptor,	in	the	case	of	d-sotalol	this	moiety	digs	deeper	into	the	protein	interior	and	holds	

a	consistent	orientation	for	longer.	However,	the	dynamical	consequences	of	sotalol	binding	

on	 the	 receptor	 structure	 do	 not	 significantly	 differ	 between	 stereoisomers.	 In	 both	

conditions	 the	 receptor	 adopts	 a	 more	 inactivated	 orientation,	 with	 TM6	 shifting	 more	

inward,.	With	no	clear	obvious	distinction	suggesting	preferential	β1AR	interactions	with	l-

sotalol	over	d-sotalol,	enhanced	sampling	MD	simulation	techniques	are	necessary.	

	

4.3.5	Structural	modeling	of	active	and	inactive	state	of	beta-1	adrenergic	receptors	

Recently	 human	 beta-1	 adrenergic	 receptor	 structures	 were	 published[223],	 which	

eliminates	homology	modeling	as	a	potential	variable	in	experimental	design.		Therefore,	we	

developed	 new	 models	 of	 β1AR	 using	 those	 structures	 as	 templates	 and	 adjusting	 our	

previous	Rosetta	protocol	to	achieve	better	convergence	and	potentially	accuracy	as	well.		

The	protocol	 for	creating	models	was	 like	 the	RosettaCM	process	described	above	and	 is	

depicted	 in	Figure	4.11A,	however	ab	 initio	 structural	modeling	was	broken	up	 into	two	

steps	of	kinematic	loop	remodeling	with	fragments.	Whereas	using	our	previous	approach	

RosettaCM	yielded	one	model	with	the	ICL3	and	the	C-terminus	rebuilt,	this	new	protocol	

performed	the	ab	 initio	modeling	 in	 two	separate	steps.	This	permits	 the	best	practice	of	

selecting	for	the	most-convergent	regions	per-segment;	clustering	is	otherwise	less	effective	

when	assessed	by	RMSD	across	 the	 entire	protein	 as	was	done	previously.	 Furthermore,	
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eliminating	RosettaCM	meant	that	template	sidechains	were	unchanged,	better	preserving	

the	binding	site	conformation.	Lastly,	the	alternative	loop	modeling	protocol,	when	applied	

using	 the	 Franklin2019	 Rosetta	 membrane	 energy	 function,	 also	 eliminated	 membrane-

penetrating	loop	rebuilds	which	would	otherwise	be	discarded	and	worsened	sampling.	The	

final	active	and	 inactive	state	protein	models,	 shown	docked	with	norepinephrine	 in	Fig.	

4.11A&B	(right-hand	side)	have	considerably	different	ICL3	when	compared	to	those	in	Fig.	

4.4B	and	4.6D.		

	

To	validate	stability	of	the	model,	the	active	receptor	was	simulated	in	molecular	dynamics	

without	the	G-protein	after	being	docked	with	cationic	norepinephrine	in	accordance	with	

the	previous	RosettaLigand	and	MD	simulation	protocol	(Fig.	4.12).	The	final	frame	of	the	

MD	simulation	illustrates	a	loss	of	some	secondary	structure	of	the	ICl3	as	it	extends	in	the	

aqueous	solution.	Norepinephrine	binding	remained	intact,	and	so	we	proceeded	to	docking	

beta	blockers	to	our	new	human	β1AR	structural	models.	

	

	

4.5.6	 Docking	 of	 stereoisomeric	 beta	 blockers	 into	 active	 and	 inactive	 state	 beta-1	

adrenergic	receptor	models	

Beta	 blockers	 RS-propranolol	 and	 dl-sotalol	 were	 docked	 into	 the	 new	 human	 β1AR	

structural	model	using	a	RosettaLigand	protocol	outlined	above.	When	docked	to	the	active-

state	β1AR	model,	the	same	findings	as	determined	via	the	receptor	homology	model	held:	

the	 most	 favorable	 interfacial	 scores	 between	 d-	 and	 l-stereoisomers	 of	 sotalol	 were	

indistinguishable	(see	Fig.	4.13A).	
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When	examining	the	average	interfacial	energy	of	the	top	fifty	poses,	we	found	that	R-	and	

S-propranolol	had	more	favorable	interface	energies	(R-propranolol:	-14.05	+/-	0.08	REU,	S-

propranolol:	-14.20	+/-	0.09	REU)	than	sotalol	(l-sotalol:	-9.76	+/-	0,40	REU,	d-sotalol:	-10.01	

+/-	-.42	REU).	Though	top	1	pose	of	d-sotalol	scored	higher	than	the	top	1	of	l-sotalol	(-13.46	

REU,	not	shown),	the	top	2	pose	of	d-sotalol	was	selected	as	a	candidate	model	on	account	of	

orientation.	For	all	candidate	poses,	binding	orientation	is	distinct	from	co-crystalized	NE	

from	 the	 original	 template	 structure	 (Fig.	 4.13B).	 One	 of	 either	 opposing	 asparagine	

residues	Asn344	and	Asn363,	associated	with	receptor	 type	selectivity,	and	one	of	either	

serine	residues	Ser228	or	Ser232,	associated	with	catechol	hydroxy	recognition,	are	forming	

hydrogen	bonds	with	the	ligand	for	all	beta	blockers(Figure	4.13C)	[243].	

	

Average	interfacial	energies	determined	from	the	top	fifty	poses	against	the	inactive	state	

β1AR	 model	 indicate	 that	 RS-propranolol	 binding	 worsened,	 while	 l-sotalol	 binding	

improves	 and	 d-sotalol	 remains	 constant	 (see	 average	 IE	 of	 Figs.	 4.13A	 and	 4.14A).	

Regarding	differences	between	isomer,	S-	and	R-propranolol	lie	within	error	(S-propranolol:	

-13.97	+/-	0.88	REU	versus	R-propranolol:	-12.68	+/-	0.53	REU)(Fig.	4.14A).	The	average	

interface	energies	for	sotalol	overlap,	suggesting	no	difference	(l-sotalol:	-10.87	+/-	0.098	

REU	versus	d-sotalol:	-10.18	+/-	0.63	REU)(	Fig.	4.14A).		The	top	pose	for	S-propranolol	but	

not	R-propranolol	bind	similarly	to	co-crystallized	carazolol	from	the	original	structure(Fig.	

4.14B).	The	top	1	pose	for	l-sotalol	and	top	2	pose	d-sotalol,	with	similar	scores,	have	aligned	

their	sulfonamide	groups	similarly	(Fig.	4.14B).	 the	top	1	pose	for	d-sotalol	(not	shown),	

scored	considerable	higher	than	the	top	2	pose	(-14.26	REU)	and	had	flipped	such	that	its	
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propran-2-ylamino	group	was	located	where	the	methanesulfonamide	position	was	for	the	

top	2	pose.	

	

We	no	longer	observe	participation	of	serine	in	the	top	poses	of	RS-propranolol	docked	to	

the	 inactive	 state;	 instead	 Tyr367	 or	 Tyr220	 participate	 (Fig.	 4.14C).	 	 For	 sotalol,	 both	

candidate	poses	interact	with	Ser228,	Thr220,	and	Phe218,	with	the	distinction	being	the	

coordination	of	either	Thr220	or	Asn344	with	the	hydroxy	moiety	of	sotalol,	a	consequence	

of	their	chiral	center	(Fig.		4.14C).		

	

When	overlaid,	the	ensembles	of	top	fifty	scoring	poses	for	each	drug	diverge	significantly	in	

general	shape	and	orientation	for	active	β1AR	model	than	those	obtained	from	docking	to	

the	 inactive	 state	 receptor	model	 (Fig.	 4.13A	 &	 Fig.4.14A),	 suggesting	 that	 the	 volume	

available	 for	 the	 ligands	 is	 quite	 different.	 This	 may	 account	 for	 the	 different	 binding	

modalities	observed	in	the	sotalol	ensembles.	When	docking	to	the	active(?)	state,	the	sotalol	

adopt	 a	 linear	 orientation	 with	 the	 sulfonamide	 “digging”	 into	 the	 binding	 pocket	

(Fig.4.14A).	However,	in	the	inactive	state,	there	is	a	bifurcation	in	orientations	that	differ	

from	the	active-state	modality	(Fig.	4.13A).	

	

We	observe	some	distinctions	in	ensemble	orientations	when	comparing	the	top	fifty	poses	

of	beta-blocker	docking	against	either	turkey-derived	β1AR	homology	model	or	the	human-

derived	β1AR	model.	For	instance	R-	and	S-propranolol	binding	pose	ensembles	were	tighter	

when	bound	to	the	human-derived	model	in	comparison	to	the	homology	model,	where	the	

set	of	poses	adopted	a	 flatter,	more	distributed	 shape	 (cf.	Figs.	4.9A	&	 	4.14A).The	 	 top	
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interfacial	energy	scores	for	either	stereoisomer	improved	by	about	one	Rosetta	energy	unit	

form	their	corresponding	top	poses	against	the	β1AR	homology	model	(cf.	Figure	4.9B	and	

4.14B).	The	top	fifty	poses	of	active-state	propranolol	binding	β1AR	are	dominated	by	two	

observable	 orientations,	 with	 our	 docked	 R-propranolol	 seemingly	 favoring	 the	 binding	

orientation	seen	in	the	crystallographic	pose	of	S-propranolol	PDB	ID	6PS5,	and	docked	S-

propranolol	 favoring	 the	 opposite	 orientation	 (Fig.	 4.13A).	 The	 inactivate-state	 β1AR	 -	

propranolol	 docking	 abolishes	 this	 pattern	 in	 the	 top	 50	 poses	 (Fig.4.	 14A),	 and	 S-

propranolol	 poses	 form	 a	 tight	 cloud	 around	 the	 orthosteric	 ligand	 binding	 pocket	 in	

contrast	to	R-propranolol	which	exhibits	a	binding	modality	more	like	sotalol,	 interacting	

with	the	β1AR	extracellular	vestibule.	

	

We	also	analyzed	interacting	β1AR	residues	for	each	top	 ligand	binding	pose	as	shown	in	

panels	C	of	Figures	4.13	and	4.14.	One	consistent	pattern	between	the	top	poses	of	docked	

sotalol	is	the	participation	of	Ser228	for	both	inactive	and	active	states	with	the	exception	of	

active	β1AR	-	d-sotalol	interaction	(Fig.	4.13C	&	Fig.	4.14C).	In	addition,	Asn344	participates	

in	active,	but	not	inactive	state	β1AR	binding	of	sotalol	(Fig.	4.13C	&	Fig.	4.14C)	Validating	

whether	 this	 pattern	 is	 indicative	 of	 a	 stereospecific,	 state-dependent	 interaction	

necessitates	a	more	thorough	examination	of	the	full	data	set	than	is	presented	here.		Lastly,	

it	is	of	note	that	the	preferential	interaction	of	R-propranolol	is	consistent	across	β1AR	model	

systems	 discussed	 here.	 R-propranolol	 has	 a	 more	 favorable	 interfacial	 score(?)	 than	 S-

propranolol	when	docked	 to	 the	 inactive	 human	β1AR	homology	model	 based	 on	 turkey	

receptor	 structure	 (Fig.	4.9B)	 as	well	 as	new	 inactive-state	 (Fig.	4.14B)	 and	active-state	

(Fig.	4.13B)	β1AR	models	developed	using	human	receptor	structures		
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4.4.	Discussion	

In	 this	 work,	 we	 constructed	 the	 first	 homology	 models	 of	 contiguous	 Human	 B1AR	 in	

complex	with	 the	stimulatory	G-protein	and	 in	 the	 inactive	state	before	 the	publishing	of	

human	 structures.	 We	 similarly	 developed	 models	 of	 β2AR	 and	 β2AR-Gs.	 We	 docked	

norepinephrine	into	the	β2AR	models	and	found	the	top	poses	to	be	in	good	agreement	with	

a	β2AR	structure	co-crystallized	with	epinephrine.	Docking	the	inactive	homology	model	of	

human	β1AR	beta	blockers	dl-sotalol	and	RS-propranolol	indicated	more	favorable	energetic	

interactions	for	propranolol	than	sotalol,	but	no	preference	for	a	stereoisomer	was	observed.	

Subsequently	 simulating	 the	 docked	 stereoisomers	 of	 sotalol	 in	 multi-microsecond	

molecular	dynamics	indicated	that	both	poses	were	stable	but	did	not	differ	significantly	in	

their	trajectories.	

Upon	 the	 release	 of	 human	 β1AR	 crystal	 structures,	 we	 developed	 new	models	 with	 an	

alternative	protocol	using	the	latest	Rosetta	Membrane	Energy	Function.	In	this	instance,	the	

active	 state	 interactions	with	 the	human	β1AR	model	 recapitulated	 the	 findings	with	 the	

homology	models.	However,	the	average	interface	energies	for	the	top	fifty	poses	against	the	

inactive	state	suggest	a	slight	preference	for	the	l-sotalol	and	S-propranolol.		

	

This	work	can	be	improved	upon	through	devising	enhanced	sampling	molecular	dynamics	

experiments	 that	 sample	 the	 energetics	 along	 a	 reaction	 coordinate	 that	 captures	 the	

complete	 transit	 of	 the	 drug	 from	 solvent	 into	 the	 binding	 pocket	 for	 reasons	 that	 are	

discussed	below.		To	assess	drug	–	protein	interaction	during	drug	entrance	or	egress	may	

identify	 the	determinizing	 factor	stereospecific	binding.	Drug	 flooding	simulations	can	be	
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used	identify	reaction	coordinates	for	drug	access.	Once	a	reaction	coordinate	is	determined,	

enhanced	sampling	molecular	dynamics	such	as	Umbrella	Sampling	should	be	sufficient	for	

determining	the	free	energy	profiles	and	subsequently	the	dissociation	constants	for	either	

stereoisomer	of	either	drug[15,	16].	

	

4.4.1.	The	vestibule	as	a	mechanism	of	stereoselectivity	

One	reason	that	may	account	for	the	small	difference	between	stereoisomer	Rosetta	energies	

is	the	possibility	that	a	different	portion	of	the	protein	is	conveying	selectivity.	Dror	et	al.	

have	 shown	 in	 MD	 simulations	 that	 ligands	 encounter	 a	 large	 energy	 barrier	 when	

transitioning	from	the	vestibule,	an	intermediate	region	between	the	extracellular	space	and	

the	 binding	 pocket,	 into	 the	 binding	 pocket[244].	 This	 intermediary	 binding	 site	may	 be	

more	selective	than	the	binding	pocket	itself,	so	while	d-sotalol	and	l-sotalol	are	theoretically	

very	 stable	when	 occupying	 the	 pocket,	 d-sotalol	may	 simply	 have	 a	more	 difficult	 time	

passing	the	vestibule.	It	is	of	note	that	there	are	very	few	differences	in	sequence	identity	

between	the	β1	and	β2	subunits	within	the	binding	pocket	itself;	they	are	effectively	identical	

in	sequence	within	the	pocket,	with	only	a	Phe/Tyr	substitution[245].	Otherwise,	the	most	

proximal	the	in	sequence	reside	at	the	edge	of	the	pocket,	near	the	vestibule[243].	

	

4.4.2.	Regarding	the	selection	of	homology	models	and	clustered	models	

Further	iterations	of	relaxation	of	the	top	decoy	of	each	candidate	model	may	provide	better	

criteria	for	decoy	selection	and	provide	a	quantitative	justification	for	selecting	one	cluster	

over	 another,	 as	 opposed	 to	 assuming	 that	 membrane-penetration	 is	 not	 feasible.	

Alternatively,	 we	 should	 consider	 using	 the	most-likely	 decoy	 as	 opposed	 to	 the	 lowest	
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energy	decoy.	This	would	mean	considering	the	distribution	of	scores	within	a	cluster	and	

thus	select	multiple	mean-value	decoys	from	which	a	second	round	of	clustering	may	be	used	

assess	 the	 validity	 of	 each	 cluster	 in	 this	 new	 set	 of	 mean	 decoys.	 However,	 molecular	

dynamics	samples	conformations	extensively.	Fig.	4.12	demonstrates	how	rapidly	the	ICL3	

can	rapidly	adopt	alternative	conformations	that	would	significantly	increase	protein	root-

mean-square	 deviation	 (RMSD)	 values,	 but	 at	 the	 same	 time	 it	 may	 still	 retain	 some	

secondary	structure	elements.			

	

4.4.3.	The	possibility	of	allostery	not	captured	by	docking	

It	is	important	to	acknowledge	that	the	human	β1AR	homology	model	was	derived	from	an	

isoprenaline-bound	 template	 that	 resembles	 an	 inactive	 structure.	 In	 other	 words,	 we	

docked	antagonists	into	a	formerly	agonist-bound	pocket.	This	may	explain	why	propranolol	

failed	to	recapitulate	the	pose	adopted	in	a	known	crystallographic	binding	pose	of	the	ligand	

during	docking	(Fig.	4.9).	This	may	indicate	that	suggests	that	perturbing	local	sidechain	and	

backbone	 orientation	 is	 inadequate	 to	 capture	 beta-blocker-like	 interactions	 with	 the	

receptor.	 Larger	 backbone	 movements	 may	 be	 associated	 with	 facilitating	 inactivation	

within	the	binding	pocket,	movements	that	cannot	be	sampled	by	RosettaLigand	with	the	

present	protocol.	In	the	case	of	sotalol,	it	may	be	that	the	structure	is	flexible,	but	we	also	

may	have	not	captured	the	experimental	binding	pose	in	our	ensembles.	Future	molecular	

dynamics	simulations	ought	to	examine	receptor	backbone	reorganizations	and	potentially	

correlate	such	movements	with	drug	orientation	in	the	binding	pocket	and	could	be	assessed	

using	e.g.	position	and	polar	angle	of	the	ligand	binding	orientation		as	was	shown	in	Chapter	

3.	
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4.4.4.	Alternative	measures,	a	new	hypothesis,	and	alternative	sites	of	stereoselective	

discrimination	

One	advantage	of	assessing	stereoisomers	is	that	one	may	appropriately	compare	the	scores	

between	 them	when	 evaluating	 drug	 docking.	 A	more	 thorough	 examination	 of	 docking	

energetics,	hydrogen	bonding	networks,	and	contact	maps	should	be	performed	on	the	top	

1	 to	5	percent	of	binding	poses	 to	yield	a	more	 substantial	dataset	 for	 such	analysis:	 for	

instance,	Smith	&	Meiler	found	in	screening	tests	that	within	the	top	1%	of	top-scoring	poses,	

21%	of	 those	poses	will	 recapitulate	a	native	binding	pose	when	using	 the	Rosetta	Score	

function	Talaris2014[246,	247],	with	this	dropping	off	6.9%	for	any	of	four	assessed	score	

functions[248].	 This	 drops	 to	 4.4%	 and	 3.1%	 when	 using	 the	 top	 5%	 or	 10%	 of	 poses	

respectively[249].	 	 This	means	when	 examining	 the	 top	 5,000	 poses	 of	 50,000,	 we	may	

conservatively	estimate	that	155	models	will	recapitulate	native	binding.	If	we	select	to	1%,	

we	 can	 expect	 34	 of	 500	 poses	 to	 be	 accurate	 representations	 of	 native	 binding;	 using	

Talaris2014	 could	 raise	 this	 to	 one	 in	 five	 models.	 At	 that	 level	 of	 fidelity,	 introducing	

alternative	quantities	such	as	binding	density,	the	ratio	of	binding	energy	to	buried	surface	

area,	 can	 provide	 new	 measures	 to	 support	 alternative	 candidate	 docked	 ligand	

conformations,	or	perhaps	ligand	clustering	would	be	a	sufficient	to	determine	a	candidate.	

	

	Ultimately,	 determining	 the	 energetics	 and	 kinetics	 of	 the	 interactions	 based	 upon	 an	

identified	reaction	coordinate	would	circumvent	the	present	inadequacies.	Determining	the	

dissociation	 constants	 of	 dl-sotalol	 against	 β1AR	 across	 multiple	 states	 using	 enhanced	

sampling	 methodologies	 can	 address	 the	 inadequacies	 in	 the	 present	 study	 or	 provide	
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alternative	 hypotheses	 that	 may	 reveal	 allosteric	 interactions	 necessary	 for	 β1AR	 to	

discriminate	 between	 stereoisomers.	 One	 key	 consideration	 is	 whether	 access	 via	 the	

previously	discussed	extracellular	vestibule	above	the	binding	pocket	is	stereospecific.	Dror	

et	al	observed	a	metastable	binding	position	for	the	beta	blocker	alprenolol	occurring	at	the	

extracellular	vestibule	above	the	receptor[244];	they	conclude	that	the	primary	barrier	to	

binding	 is	 this	 metastable	 site	 outside	 of	 the	 binding	 pocket.	 While	 our	 top	 fifty	 poses	

interactnear	 	 regions	 adjacent	 to	 the	 inner	 vestibule	 in	 varying	 orientations	 it	 is	 unclear	

whether	we	can	readily	observe	this	phenomenon	from	the	present	analysis	(Fig.	4.14A&B).	

I	would	hypothesize	that	the	molecular	mechanism	for	stereospecific	selectivity	occurs	at	

this	 vestibule	 rather	 than	 the	 binding	 pocket,	 and	 is	 perhaps	 state-dependent,	 given	 our	

present	 conclusions.	 Therefore,	 simulations	 should	 be	 conducted	 to	 search	 not	 only	 the	

absolute	free-energy	minimum	within	the	binding	pocket,	but	also	for	free	energy	minima	

that	serve	as	a	metastable	state	preceding	interaction	with	the	orthosteric	binding	pocket.	

Should	 atomistic	 molecular	 dynamics	 be	 unfeasible	 for	 assessing	 the	 along	 this	 access	

pathway,	 then	 adjusting	 the	 RosettaLigand	 docking	 window	 to	 target	 the	 extracellular	

vestibule	 warrants	 consideration.	 Capping	 this	 vestibule	 is	 the	 extracellular	 helix	 	 of	

extracellular	 loop	 2	 (ECL2).	 To	 test	 this	 hypothesis,	 examination	 of	 ECL2	 motility	 from	

previous	simulations	and	assessing	sequence	conservation	between	receptors	in	relation	to	

stereospecific	ligand	affinities	would	be	a	first	step	towards	assessing	extracellular	portions	

of	the	receptor	governing	stereoselectivity	of	ligand	binding.	
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* * 

Table	4.1.	Structure	and	arrhythmogenic	properties	of	
racemic	beta	blockers	dl-sotalol	and	RS-propranolol.	
Chiral	centers	denoted	with	asterisk.	
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Gγ
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*

Lipid Bilayer

**
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Figure		4.1.	Beta1-Adrenergic	Receptor	(β1AR)	in	Complex	with	the	Stimulatory	G-Protein	(Gs)	
Heterotrimer.	When	expressed	at	the	plasma	membrane,	the	beta-adrenergic	receptor	is	oriented	
such	that	the	ligand	binding	pocket	(*)	is	accessible	to	ligands	from	the	extracellular	side	(Ex.)	of	the	
membrane.	 The	 Gsα	 (red),	 Gβ	 (blue),	 and	 Gγ	 (yellow)	 subunits	 comprise	 the	 Gs	 heterotrimer.	
Nucleotides	GDP	or	GTP	bind	Gα	at	the	P-loop(**).	Inset:	Representative	image	of	Norepinephrine	
bound	within	the	ligand	binding	pocket.		
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Beta-1	Adrenergic	Receptor	
Melagris	gallopavo	(Turkey),	1-424	
Homo	sapiens,	17-477	

Beta-2	Adrenergic	Receptor,	Homo	sapiens,	1-
413	

B 

A 

Figure	4.2.	Amino	acid	residue	sequences	of	the	Beta-1	Adrenergic	Receptor	(β1AR)	and	Beta-
2	 Adrenergic	 Receptor	 (β2AR).	 (A)	 Pairwise	 sequence	 alignment	 of	 the	 amino	 acid	 residue	
sequences	for	β1AR	genes	for	turkey	(above)	and	human	(below)	visualized	using	Jalview.	Residues	
in	”Zappo”	color	scheme	are	modeled	whereas	grey-colored	residues	were	omitted	from	modeling.	
The	intracellular	loop	3		(ICL3)	for	the	human	protein	sequence	spans	residues	256	to			314	and	was	
modelled	de	novo.	De	novo	modeling	of	 the	C-terminus	 spans	 residues	342	 to	350.	 (B)	The	β2AR	
sequence	included	in	the	template	model(”Zappo”	coloring).	Regions	that	were	modeled	de	novo	are	
denoted	with	colored	text	and	white	backgrounds:	the	ICL3	spanning	residues	233	to	263	and	the	C-
terminus	spanning	residues	342	to	351.	
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Figure	4.3.	Protein	Sequences	of	G-Protein	subunits	Gsα,	Gβ,	and	Gγ.	All	three	sequences	are	
imaged	 in	 “Zappo”	 coloration	using	 Jalview.	 Sequences	depicted	 in	black	 and	white	 including,	N-
terminal	Met,	which	genetically	encoded	were	omitted	from	unresolved	in	the	template	model.	Gsα	
Subunit.	Residues	61	to	87	of	Gsα	were	modeled	de	novo	using	RosettaCM	and	are	depicted	in	color	
text	with	white	background.	Residue	72	of	Gsα	(“-“)	is	Ala.	Gβ	Subunit.	All	residues	of	the	gene	Gγ	
Subunit	excluding	N-terminal	Methionine	are	modeled.	Residues	62	to	68	of	Gγ	are	modeled	de	novo	
and	were	not	resolved	in	PDB	ID	3SN6.	

Gsα subunit 

Gβ subunit 

Gγ subunit 
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Inactive	Template	
PDB	ID:	7BVQ		

Active	β1AR-Gs	Model	
(based	on	PDB	ID:	7BU6,	
premodeled-3SN6)	

Inactive	β	1AR	Model	
		

Active	β	1AR	Model	
(based	on	PDB	ID:	

7BU6)		

Active	Template	
PDB	ID:	7BU6		

β1AR	
B 

β2AR	

Inactive	Template	
PDB	ID:	2RH1	

Active	β2AR-Gs	Model	
(based	on	PDB	ID:	4LDO,	

3SN6)	

Inactive	β	2AR	Model		

Active	Template	
PDB	ID:	4LDO	

A 

Figure	4.4.	Schematics	of	modeling	protocol	for	(A)	β2AR	and	(B)	β1AR	and	their	complexes	with	the	
stimulatory	G	(Gs)	protein	developed	Using	RosettaCM.	Template	models	are	prepared	from	published	
crystal	structures	for	respective	states.	For	active	state	models	Loop	modeling	and	FastRelax	are	
performed	in	the	presence	of	the	G-protein.	

Active	β	2AR	Model	
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Figure	 4.5:	 Clustering	 analysis	 of	 active	 β1AR/Gs	 and	 β2AR/Gs	 models	 developed	 using	
RosettaCM	protocol.	 	(A)	Top	four	clusters	for	β1AR/Gs	demonstrating	that	gross	orientation	of	
the	β1AR	ICL3	(shown	as	a	protrusion	in	the	left	central	portion	for	each	model)	governs	clustering.	
The	candidate	model	is	selected	from	cluster	2	(circled).		(B)	Graph	of	total	Rosetta	energy	score	
for	each	clustered	β1AR	decoy	according	to	root-mean-square	deviation	(RMSD)	from	the	candidate	
model.	Top	four	clusters	are	colored	according	to	their	image	on	the	left.	(C)	Top	four	clusters	for	
β2AR/Gs	demonstrating	tighter	convergence	about	the	shorter	ICL3	(small	protrusion	on	the	left	for	
each	model).	The	candidate	model	is	selected	from	cluster	1	(circled).	D)	Graph	of	total	energy	score	
for	each	clustered	β2AR	decoy	according	to	RMSD		from	the	candidate	model.	Top	four	clusters	are	
colored	according	to	their	images	on	the	left.	
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A B 

C D 

Figure	 4.3.	 Stages	 of	 homology	 modeling	 for	 inactive	
human	β1AR	from	turkey	β1AR	(PDB	ID:	2Y03).	 	(A)	The	
template	 PDB	 after	 removal	 of	 ligands	 isoprenaline,	
cholesterol	hemisuccinate,	and	HEGA-10.	 (B)	Steric	clashes	
prohibited	 incorporating	 a	 G-protein	 into	modeling;	 in	 the	
absence	of	the	G-protein,	the	top	decoys	of	the	top	20	clusters	
demonstrate	poor	convergence	when	overlaid.	(C)	Candidate	
model	 selected	 from	 10,000	 decoy	 models.	 (D)	 Candidate	
model	after	restrained	relaxation	step.	
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Figure	4.7.	Docking	of	norepinephrine	into	RosettaCM-derived	β1AR	and	β2AR	models	.	(A-C)	Top	fifty	
poses	of	cationic	(top)	and	neutral	(bottom)	norepinephrine	(NE)	into	(A)	active	β2AR-Gs,		(B)	active	β1AR-Gs,	
(C)		inactive	β2AR	homology	models.	Crystalized	epinephrine	of	PDB	4LDO	is	depicted	in	cyan	after	alignment	
with	the	candidate	models.	(D)	Probability	distributions	of	Rosetta	interfacial	scores	or	interaction	energies	
(IE)_for	dockedcationic	(left)	or	neutral	(right)	norepinephrine	against	active	β2AR,	inactive	β2AR,		and	active	
β1AR	models	as	well	as		Gs-fused	β2AR	structure	PDB	ID	6E67.	
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Figure	4.8.	Docking	of	dl-sotalol	stereoisomers	into	inactive	human	β	1AR	homology	model.	
(A)	Top	fifty	poses	of	l-sotalol	(left)	and	d-sotalol	(right)	colored	from	red	to	blue	as	first	to	fiftieth	
lowest	energy.	β2AR	crystal	structure	from	PDB	ID	6PS5	(tan)	with	bound	cationic	S-propranolol	
(cyan)	is	shown	as	a	reference	in	panels	A	and	B.	(B)	β1AR	protein	model	in	green	with	tenth	top-
scoring	pose	of		l-sotalol	(left,	gray)	or	forth	scoring	pose	of	d-sotalol	(left,	gray)	and	their	respective	
initial	positions	(	transparent).	C)	PLIP	analysis	showing	interacting	residues	of	tenth	scoring	pose	
of	l-sotalol	(left)	and	fourth	scoring	pose	of	d-sotalol	(right).	Nonpolar	interactions	are	denoted	by	
gray	dashed	lines,	and	hydrogen-bonding	interactions	by	blue	lines.	
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Figure	4.9.	Docking	of	RS-propranolol	stereoisomers	 into	 inactive	Human	β	1AR	homology	
model.	(A)	Top	fifty	poses	of	S-propranolol	(left)	and	R-propranolol	(right)	colored	from	red	to	blue	
as	 first	to	 fiftieth	 lowest	energy.	 Inactive	β2AR	crystal	structure	 from	PDB	ID	6PS5	(yellow)	with	
bound	cationic	S-propranolol	(cyan)	is	shown	as	a	reference	in	panels	A	and	B.	 	(B)	β1AR	protein	
model	in	green	with	top	scoring	pose	of	propranolol	(solid	gray)	and	initial	position(	transparent	
gray).	C)	PLIP	analysis	of	interacting	residues	of	top	poses	for	S-propranolol	(left)	and	R-propranolol	
(right).	 p-stacking	interaction	is	denoted	by	green	line,	nonpolar	interactions	are	denoted	by	gray	
dashed	lines,	and	hydrogen-bonding	interactions	by	blue		lines.	
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Figure	 4.10.	 Multi-microsecond	 all-atom	MD	 simulations	 of	 cationic	 d-	 and	 l-sotalol	 bound	 to	
inactive	beta-1	adrenergic	receptor	homology	model.	Initial	(transparent)	and	final	(solid)	positions	
of	the	receptor	and	drugs	(A)	cationic	l-sotalol	(red)	and	(B)	d-sotalol	(blue).	Inset	images	are	timeseries	
of	individual	poses	of	either	drug	taken	from	the	2.5	microsecond	long	simulations	and	are	colored	by	
from	 the	 beginning	 of	 the	 trajectory	 (red)	 to	 the	 final	 frame	 (blue).	 (C)	 Root-mean-square	 deviation	
(RMSD)	of	protein	Ca	atoms	as	well	as	either	d-	or	l-sotalol	non-hydrogen	atoms	from	their	initial	docked	
positions	with	respect	to	the	receptor.	
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Figure	 4.11.	 Loop	 modeling	 protocol	 using	 human	 β1AR	 structural	 templates	 and	
Franklin2019	Rosetta	membrane	energy	 function.	(A)	This	protocol	uses	kinematic	 loop	
closure	to	generate	putative	structures	of	the	ICL3	and	C-terminus	of	β1AR	and	was	applied	for	
both	(B)	active	and	(C)	inactive	states	of	β1AR		
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0	ns	

~92	ns	

Figure	 4.12.	 Active	 human	 β1AR	
structural	 model	 MD	 stability	 test.	
All-atom	MD	simulation	of	the	receptor	
bound	 to	 cationic	 norepinephrine	
embedded	 in	 a	 POPC/POPS	 lipid	
bilayer	and	hydrated	by	0.15	M	NaCl	at	
310	 K	 and	 1	 atm,	 totaling	 	 ~187K	
atoms.	 	 NAMD	 2.14	 &	 3.0	 alpha	
(conducted	 on	 the	 Oracle	 cloud)	 was	
used	 to	 assess	 stability	 of	 the	 rebuilt	
model.	 	 Gradual	 protein	 harmonic	
restraints	were	applied	for	the	first	42	
ns.	(A)	Initial	frame.	(B)	Final	frame.	
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Figure	4.13.	
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  Figure	4.13.	 	RosettaLigand	docking	stereoisomers	of	sotalol	and	propranolol	 into	active	state	
human	beta-1	adrenergic	receptor.	(A)	Top	fifty	poses	of	cationic	drug	docking	into	the	active	human	
β1AR	model	colored	from	lowest	interaction	energy,	IE	(red,	most	favorable)	to	highest	IE	(blue,	least	
favorable).	 (B)	 Candidate	 pose	 selected	 from	 top	 ten	 scoring	 poses	 compared	 to	 crystalline	
norepinephrine	(NE)	(cyan)	as	bound	to	the	original	template	model	(tan)	from	PDB	ID:7BU6.	(C)	Contact	
analysis	of	the	candidate	pose	for	each	drug	with	interacting	residues	labeled	and	H-bonds	depicted	by	
dotted	blue	lines.	
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Figure	4.14.		
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	 	Figure	4.14.	RosettaLigand	docking	stereoisomers	of	sotalol	and	propranolol	into	inactive	
state	human	beta-1	adrenergic	receptor.	(A)	Top	fifty	poses	of	cationic	drug	docking	into	the	
inactive	human	β1AR	model	colored	from	lowest	interaction	energy,	IE	(red,	most	favorable)	to	
highest	 IE	 (blue,	 least	 favorable.	 (B)	 Candidate	 pose	 selected	 from	 top	 ten	 scoring	 poses	
compared	 to	 crystalline	 carazolol,	 a	 betablocker,	 	 (cyan)	 as	 bound	 to	 the	 original	 template	
structural	model	(tan)	PDB	ID:	7BVQ.	(C)	Contact	analysis	of	the	candidate	pose	for	each	drug	
with	interacting	residues	labeled	and	H-bonds	depicted	by	dotted	blue	lines.	
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Chapter	5:	Summary	
	
In	this	work,	we	aimed	to	study	the	molecular	determinants	of	the	pro-arrhythmic	drugs	that	

bind	multiple	targets	within	the	cardiac	myocyte.	To	do	so,	we	developed	models	of	cardiac	

proteins	 in	different	 states	and	characterized	 their	 interactions	with	drugs	using	Rosetta	

modeling	 and	 molecular	 dynamics	 simulations.	 We	 find	 that	 pairing	 extensive	 protein-

modeling	and	drug	docking	procedures	with	multi-microsecond	simulations	may	reproduce	

in	vivo	physiological	phenomena.	Using	kinetic	parameters	derived	from	these	techniques	

may	inform	functional	scale	models	that	describe	cardiac	electrophysiology.	However,	doing	

so	 requires	 careful	 consideration	 of	 the	 biological	 question.	 These	 findings	 contribute	 a	

larger	collaborative	effort	to	predict	the	cardiotoxic	effect	of	drugs	in	silico.	

	

In	 particular,	 we	 have	 described	 the	 process	 of	 characterizing	 state-dependent	 protein-

ligand	 interactions	 in	 an	 effort	 to	 characterize	 computationally	 predicted	 and	 clinically-

known	 drug-induced	 cardiotoxicities	 associated	 with	 a	 blockade	 of	 a	 cardiac	 potassium	

channel	KV11.1	encoded	by	human	Ether-à-go-go-Related	Gene	(hERG).	As	a	part	of	a	multi-

lab	team,	we	developed	an	 in	silico	multi-scale	modeling	pipeline	to	predict	drug-induced	

cardiotoxicities	in	the	form	of	cardiac	arrhythmia	markers	at	cell	and	tissue	scales	starting	

from	 drug	 chemistry	 and	 atomistic-level	 description	 of	 protein	 –	 drug	 interactions.	 	 	 In	

Chapter	 2	 we	 confirmed	 that	 our	 putative	 open-state	 hERG	 potassium	 channel	 model	

conducted	 potassium	 ions	 under	 applied	 transmembrane	 voltage.	 We	 identified	 protein	

geometries	 favoring	 ion	 permeation	 and	 validated	 that	 a	 non-conducting	 hERG	 channel	

S641A	mutant	was	incapable	of	conduction	when	challenged	with	the	same	applied	voltage	

as	our	the	wild-type	model	and	may	represent	inactivated	state	of	the	channel.	An	open	state	
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hERG	channel	model	we	developed	was	 instrumental	 in	 two	applications	of	a	multi-scale	

model	of	drug	cardiac	safety	predictions.	 In	one	of	our	recently	published	papers[16]	we	

successfully	 predicted	 different	 pro-arrhythmia	 outcomes	 of	 two	 hERG	 blocking	 drugs,		

dofetilide	and	moxifloxacin,	by	obtaining	kinetics	and	affinities	of	their	interactions	with	our	

open-state	 hERG	 channel	 model	 and	 using	 this	 information	 as	 functional	 kinetic	 model	

parameters	to	predict	emergent	pro-arrhythmia	markers	in	cardiac	tissue	simulations.	The	

manuscript	presented	in	Chapter	3	and	recently	published	as	well[15]	utilizes	our	open-state	

hERG	channel	model	to	emulate	its	blockade	by	d-	and	l-sotalol,	two	stereoisomers	of	beta-

blocking,	antiarrhythmic	drug	sotalol	 clinically	prescribed	as	a	 racemic	mixture.	Here	we	

demonstrate	 how	 molecular	 dynamics	 simulations	 may	 be	 used	 to	 characterize	

stereospecific	sotalol	interactions	with	the	channel,	and	ultimately	derive	pertinent	affinity	

and	 “on”/”off”	 rate	 values	 for	 use	 in	 functional	 scale	 models.	 In	 simulating	 blockade	 of	

racemic	dl-,	l-	or	d-sotalol	against	simulated	tissue,	it	was	determined	that	the	beta-blocking	

affinity	 of	 l-sotalol	 is	 essential	 for	 reducing	 pro-arrhythmia	 risk	 in	 the	 racemic	 drug.	

However,	the	parameters	used	for	beta-adrenergic	receptor	–	drug	interactions	in	that	study	

were	experimentally	derived.	This	begs	the	question;	can	these	findings	be	replicated	using	

entirely	MD-derived	parameters	for	drug	–	receptor	interactions?	Addressing	this	question	

would	be	an	immense	boon	to	computational	drug	screening	for	predictive	cardiac	safety	

pharmacology.	

	

Our	work	described	in	Chapter	4	marks	the	first	step	in	incorporating	simulated	parameters	

from	 one	 drug	 against	 multiple	 protein	 targets	 to	 create	 a	 multi-scale	 model	 explicitly	

incorporating	atomistic	description	of	a	multi-target	block.	Chapter	4	highlights	structural	
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atomistic	models	made	for	type	1	and	2	beta-adrenergic	receptors	in	both	active	and	inactive	

(resting)	states	and	their	interactions	with	stereoisomeric	beta	blockers.	Beta	blockers	are	

an	ideal	test	case:	they	are	typically	racemic	drugs	with	stereoisomers	of	different	affinities.	

Being	 stereoisomers,	 they	 retain	 identical	 molecular	 composition,	 making	 experimental	

design	simpler,	and	cross-system	comparisons	are	readily	obtainable.	However,	we	find	that	

docking	simulations	alone	may	not	capture	known	differences	 in	a	binding	modality	 that	

affect	their	affinity	against	receptor	targets.	As	we	broaden	our	study	to	simulate	these	drugs	

against	 hERG	 channel	 and	 other	 protein	 targets,	 we	 must	 acknowledge	 that	 multi-

microsecond-long	enhanced	sampling	MD	simulations	remain	the	most	accurate	means	of	

computing	 energetics	 and	 kinetics.	 However,	 as	 the	 quantity	 of	 atomistic	 resolution	

structures	of	cardiac	proteins	is	ever	expanding,	so	does	the	potential	for	integrating	such	

structures	as	targets	in	a	multi-scale	model	of	cardiac	cell	electrophysiology	and	signaling.	

However,	 consider	 comparing	 two	 drugs	 in	 two	 ionization	 states,	 as	 two	 stereoisomers,	

against	two	receptors	occupying	one	of	two	conformational	states	of	a	single	protein	target.	

The	number	of	 simulations	needed	becomes	exponentially	 large,	especially	 if	one	desires	

converged	 simulation	 results	 and	 statistical	 power	 in	 distinguishing	 stereospecific,	 state	

preferences	etc.	Higher	 throughput	methods	are	needed.	New	means	of	 robust	and	 fairly	

accurate	determination	of	ligand	binding	energetics,	such	as	all-atom	MD	simulation	based	

fragment-based	 docking	 technique	 “Site	 Identification	 by	 Ligand	Competitive	 Saturation”	

(SILCS)	 coupled	 with	 machine	 learning	 prediction	 optimizations	 may	 address	 these	

concerns[250,	251]. 
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The	domain	of	physics-based	computational	pharmacology	is	rapidly	maturing.	The	problem	

of	protein	structure	determination	nears	atomistic	resolution	with	technologies	like	cryo-

EM	 and	 its	 subsequent	 boon	 to	 deep	 learning.	 The	 next	 biophysical	 revolution	 will	 be	

dynamical.	One	may	now	download	a	model	of	literally	any	protein	within	minutes.	Yet,	how	

does	one	corroborate	that	model	with	biology?	Making	deductions	based	on	the	bell	curve	

of	big	data	is	seductive.	Yet,	capturing	a	million	images	of	an	ion	channel	on	a	plate	result	in	

a	very	good	3D	model	of	that	ion	channel	–	on	a	plate,	absent	the			dynamics	conferred	by	its	

native	cellular	environment.	Drawing	physiologically	relevant	conclusions	from	this	wealth	

of	 structural	 information	 necessitates	 knowledge	 of	 pertinent	 biology,	 rigor	 in	 applying	

computational	 validation,	 and	 ultimately	 experimental	 corroboration.	 This	 work	

demonstrates	a	means	of	achieving	this	by	characterizing	the	function	and	stability	of	novel	

protein	structures	using	molecular	dynamics	and	how	to	accurately	create	a	model	where	

one	is	absent.	It	outlines	how	to	simulate	drug	interactions	with	these	protein	models,	how	

to	screen	and	select	them,	and	how	one	might	relate	such	data	to	the	human	health	outcomes	

by	means	of	multi-scale	modeling	through	our	collaborative	work.	In	other	words,	it	outlines	

a	protocol	for	discernment	when	at	the	frontiers	of	structural	biology. 
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