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Abstract

Molecular dynamics (MD) simulations are routinely used to study the dynamics of proteins. How-

ever, conventional MD limited to the sampling of local conformational changes as the functionally

important conformational transitions of proteins often extend beyond the timescales of the simula-

tions employed, for example, membrane transport proteins. We have determined the combination

of multiple MD based techniques that allows for a rigorous characterization of energetics and ki-

netics of large-scale conformational changes in membrane proteins. The methodology is based

on biased, nonequilibrium collective variable based simulations including nonequilibrium pulling,

string method with swarms of trajectories, bias-exchange umbrella sampling, and rate estima-

tion techniques. Severe acute respiratory syndrome (SARS) coronaviruses 1 and 2 (SARS-CoV-1

and SARS-CoV-2) spike proteins undergo conformational changes in the receptor binding domain

(RBD) in order to bind to the host cell angiotensin converting enzyme 2 (ACE2). However, the

mechanistic details that describe the large-scale conformational changes associated with spike pro-

tein activation or deactivation are still somewhat unknown. We have employed a simulation strat-

egy that we have shown to be successful in characterizing the confromational changes in membrane

proteins and have elucidated the transition pathways of protein deactivation for the SARS-CoV-1

(CoV-1) and SARS-CoV-2 (CoV-2) prefusion spike proteins. The resulting transition pathways

were shown to be unique to both CoV-1 and CoV-2 . A number of key residues that form various

interdomain salt-bridges have been identified. We have also constructed the free energy profiles

along the transition pathways for both CoV-1 and CoV-2. The CoV-2 spike protein must over-

come larger free energy barriers to undergo conformational changes towards protein activation or

deactivation, when compared to CoV-1. We have performed a variety of biased and unbiased MD

simulations on the bacterial proton-coupled oligopeptide transporter GkPOT, glucose transporter 1

(GluT1), and glycerol-3-phosphate transporter (GlpT) to compare the similarities and differences

of the conformational dynamics of three different classes of MFS transporters. Here we have sim-

ulated the apo protein in an explicit membrane environment. Our results suggest a very similar

conformational transition involving interbundle salt-bridge formation/disruption coupled with the



orientation changes of transmembrane (TM) helices, specifically H1/H7 and H5/H11, resulting in

an alternation in the accessibility of water at the cyto- and periplasmic gates.
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Introduction

With the every growing advances in modern supercomputing technology, the continuing improve-

ment of all-atom force fields, and the increasing number of available structures of proteins, the

molecular dynamics (MD) simulation technique [1, 2, 3] has emerged as a prominent computa-

tional method for determining the structural dynamics of proteins and biomolecules. MD is a

technique that is widely used to study the local fluctuations of proteins in functional states that

have been determined by X-ray crystallography, cryogenic electron microscopy (cryoEM), or ho-

mology modeling. A major hindrance that tends to arise in most MD studies is the timescale gap

between local fluctuations and large-scale conformational changes, which often doesn’t allow for

the study of functionally relevant events such as the state transitions of proteins or complex binding

interactions.

The conformational dynamics of proteins can be modeled as a protein diffusing along the pro-

tein conformational landscape [4, 5, 6], with the landscape being composed of various basins, with

various minima, and saddle points that represent the stable and transition states. A viral protein

that transitions between protein activation and inactivation will have a number of closely related

free energy minima around the free energy basins describing these two functional states, another

example would be a membrane transport protein whose conformational landscape is composed of

a number of free energy basins, with a number of free energy minima, that are often associated

with the states of outward-facing (OF), inward-facing (IF), or protein occlusion (Occ).

Although, studying the known functional states of proteins will provide valuable insight into

various local fluctuations, due to sampling around the free energy basins of the functional state,

much more insight can be gained by exploring the conformational landscape in order to determine

the various states that connect known functional states. In order to explore or sample along the

conformational landscape and observe functionally relevant events, such as the transitioning or

“jumping” between major free energy basins, often a very rare phenomenon, one needs to employ

biased and/or nonequilibrium MD simulations to induce protein conformational changes, and over-

come the free energy barriers that hinder the protein from transitioning to inaccessible functional
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states. Many enhanced sampling methods are used routinely for studying functionally relevant

transitions; however, utilizing these methods can be quite difficult when studying complex sys-

tems. Here we outline a number of methods to be used in finding and characterizing protein con-

formational changes along specific transition pathways; through the use of path-finding algorithms

and enhanced sampling techniques. These techniques include: nonequilibrium pulling simulations

(such as targeted MD, steered MD, and similar methods), path optimization algorithms (such as

string method with swarms of trajectories [7, 8]), along-the-path free-energy calculations (such as

bias-exchange umbrella sampling [8]), and transition rate estimation methods.

This work focuses on comparing the conformational transition pathways at the molecular level

for homologous proteins, which is currently only possible using enhanced sampling techniques.

We have specifically chosen proteins from two different protein classes; the first including the Se-

vere acute respiratory syndrome (SARS) coronaviruses 1 and 2 (SARS-CoV-1 and SARS-CoV-2),

which mediates viral entry into host cell receptors [9, 10, 11, 12], and the second class of pro-

teins includes a bacterial proton-coupled oligopeptide transporter, namely GkPOT [13, 14], the

human glucose transporter 1 (GluT1) [15, 16], and the bacterial glycerol-3-phosphate transporter

(GlpT) [17], all of which are important members from the Major Facilitator Family (MFS) of

membrane transport proteins. Structural similarities of proteins, such as the ones chosen here, sug-

gest that these proteins may undergo similar conformational changes during their inter-conversions

between either known or unknown functional states. By employing an accurate and effective en-

hanced sampling scheme, the similarities and differences between homologous proteins, undergo-

ing similar conformational changes, can be better understood.

SARS-CoV-1 and SARS-CoV-1, first class of proteins in this study, must undergo large-scale

confromational changes in the receptor binding domain (RBD) in order to bind with angiotensin-

converting enzyme (ACE2) [9, 10, 11, 12]. The RBD transitions from the inactive state to the active

state to facilitate binding of the receptor binding motif (RBM) with ACE2 [18]. Recent cryo-

EM studies have proven successful in resolving structures of both spike proteins in the inactive

state, active unbound state, and active ACE2-bound state [19, 20, 21, 22, 23]. However, the cryo-
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EM studies were successful in capturing static pictures of specific protein conformations, it is

somewhat unclear whether all relevant conformational states were captured and resolved. A recent

single-molecule fluorescence resonance energy transfer (smFRET) study was able to capture an

alternative inactive conformation for the SARS-CoV-2 spike protein [24], this conformation was

deemed to be inconsistent with the current resolved cryo-EM structures. It is important to decipher

the differential conformational landscapes of the SARS-CoV-1 and SARS-CoV-2 spike proteins in

terms of both important functional states and their dynamics.

By employing a rigorous computational study, we were successful in facilitating conforma-

tional transition pathway characterization and along-the-path free energy calculations for both the

SARS-CoV-1 and SARS-CoV-2 spike proteins. The molecular details observed in this work will

shed light on two differing transition pathways associated with the deactivation of the active pro-

tomer. We also observe multiple local interactions along the pathways in which the active RBD of

each protein forms key saltbridges along the pathways with domains adjacent to the active RBD,

suggesting that these interactions may be directly involved in the activation/deactivation process

and provide insights into complex multi-step state transitions specific to SARS-CoV-1 and SARS-

CoV-2. Furthermore, we observe differing dynamics of the inactive protomers, specifically in the

RBDs. Finally, the determined free energy profiles for both proteins have been constructed and

further our results from our previous study [25]. Protein activation or deactivation in SARS-CoV-2

is hindered by a higher free energy barriers than SARS-CoV-1.

MFS transporters, second class of proteins, can undergo protein function in a number of differ-

ent ways, some of which include active and passive transport. Active transport has two variations,

either symport or antiport [17, 26, 27] and passive transport can be described as uniport. Despite

these distinct functions, MFS transporters all share a common overall mode of function known as

the “alternating access” mechanism, which is shared with other membrane transporters [28, 27, 26].

According to this mechanism the protein alternates between an inward- (IF) and an outward-facing

(OF) conformation while never leaving the binding site of the protein expose to either side of the

membrane at the same time.
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By employing a similar enhanced sampling approach to the SARS-CoV-1 and SARS-CoV-2

study, we sought out to elucidate the paths that connect IF to OF in the MFS transport proteins. We

performed steered molecular dynamics (SMD) [29] to generate the transition pathway for GkPOT,

which is otherwise unlikely to undergo conformational changes due to a strong interdomain salt-

bridge locking protein in the IF conformation. Admittedly, the transition between the IF and OF

conformation may be sampled using unbiased MD for certain proteins. Our simulations were

successful in capturing the transition between protein Occ and the OF state for GluT1. The con-

formational transition pathways of GlpT have already been reported previously for the apo and

phosphate-bound proteins [30]. The data reported for theapo protein was used in making a thor-

ough comparison between the classes of the MFS transporters. We aim to provide strong justifica-

tion in describing how similar and different each of these proteins undergoes both global and local

conformational changes.
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Molecular Dynamics Based Thermodynamic and Kinetic Characterization of Membrane

Protein Conformational Transitions

Dylan Ogden1, and Mahmoud Moradi1 ∗

1Department of Chemistry and Biochemistry, University of Arkansas, Fayetteville, AR 72701

Abstract

Molecular dynamics (MD) simulations are routinely used to study structural dynamics of mem-

brane proteins. However, conventional MD is often unable to sample functionally important con-

formational transitions of membrane proteins such as those involved in active membrane transport

or channel activation process. Here we describe a combination of multiple MD based techniques

that allows for a rigorous characterization of energetics and kinetics of large-scale conformational

changes in membrane proteins. The methodology is based on biased, nonequilibrium collective

variable based simulations including nonequilibrium pulling, string method with swarms of trajec-

tories, bias-exchange umbrella sampling, and rate estimation techniques.

Introduction

With advances in supercomputing technology, continued improvement of all-atom force fields,

and increasing number of available structures of membrane proteins, molecular dynamics (MD)

simulation technique [1, 2, 3] has emerged as a prominent computational method for determining

the structural dynamics of membrane proteins in their membrane environment. MD is a technique

that is routinely used to study the local fluctuations of membrane proteins around given functional

states, often determined by X-ray crystallography, cryogenic electron microscopy (cryoEM), or

homology modeling. The timescale gap between local fluctuations and large-scale conformational

changes, however, has hindered the use of MD to study the functionally important conformational

changes such as those involved in the state transition of transporters or activation of channels and

receptors.

Conformational dynamics of proteins can be modeled as a diffusion in the protein conforma-
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tional landscape [4, 5, 6]. The conformational free energy landscape has various basins and saddle

points that represent the stable and transition states, respectively. A membrane protein, whether it

is a channel, transporter, receptor, etc, is associated with many free energy minima, most of which

are clustered around a few major free energy basins, representing the functional states of protein.

For instance, a channel may have various closely related free energy minima around a large free

energy basin that represents its active state, and one or a few free energy basins that represent

its inactive state(s). Similarly, a membrane transporter has at least three free energy basins: one

for the outward-facing (OF) state, one for the inward-facing (IF) state, and one for the occluded

(Occ) state. Although the conformational landscape of a protein is generally very vast, most of this

landscape is associated with large free energies and can be ignored. This is due to the presence of

intra- and intermolecular forces that restrict the movement of atoms and molecular domains. These

forces allow fluctuations around free energy basins and “rarely” allow the system to jump between

these free energy basins by crossing the free energy barriers.

MD practitioners often use the available structures to study the local fluctuations of proteins

around given free energy basins employing MD simulations of tens to hundreds of nanoseconds,

and more recently up to several microseconds. Jumping between the major free energy basins,

however, rarely happens. In order to induce such jumps, one often needs to employ biased and/or

nonequilibrium MD simulations. Many enhanced sampling techniques have been developed that

can be employed to facilitate the sampling of rate events [7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17, 18].

A handful of these methods are used routinely for the study of functionally relevant transitions;

however, applying many of these methods to complex biological systems such as membrane pro-

teins is challenging. Here we outline a number of methods to be used in finding and character-

izing the membrane protein conformational transition pathways through the use of path-finding

algorithms and enhanced sampling techniques. The specific techniques include: nonequilibrium

pulling simulations (such as targeted MD, steered MD, and similar methods), path optimization al-

gorithms (such as string method with swarms of trajectories [19, 20]), along-the-path free-energy

calculations (such as bias-exchange umbrella sampling [20]), and transition rate estimation meth-
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ods. The following section outlines the theory behind some of the techniques employed in this

protocol.

Theory

Dimensionality reduction is a necessary part of computational studies of protein dynamics due to

the large number of degrees of freedom in the atomic coordinate space of proteins. Collective

variable (colvar) based enhanced sampling techniques such as umbrella sampling (US) [7, 8] and

its nonequilibrium counterparts [9, 11, 10, 21, 13, 22] effectively work within a reduced space.

Collective variables can be defined intuitively to describe the slow degrees of freedom associated

with functionally important protein conformational changes [23], e.g., an interdomain molecular

distance as in steered MD (SMD) [11] or the RMSD from a reference structure as in targeted

MD[9]. Several collective variable suites/modules [24, 25, 26, 27] have recently been developed

to allow for the system-specific design of collective variables such as path colvars [28, 29] and

orientation colvars [26, 30].

An ideal collective variable could represent the “reaction coordinate” [31] as often described

in transition state theory. However, even if a one-dimensional reaction coordinate exists, it is

not known a priori. This has led to the development of several path-finding algorithms, which

implicitly or explicitly approximate the reaction coordinate by the arc-length of a curve in the

multi-dimensional space of atomic coordinates [32, 33] or colvars [4, 19]. Many of the colvar

based enhanced sampling techniques implicitly or explicitly use a diffusion model to describe the

effective dynamics in the colvar space [4, 5]. We have recently developed a Riemannian diffusion

model for protein conformational dynamics that provides a robust framework for conformational

free energy calculation methods and path-finding algorithms [34]. Unlike their Euclidean coun-

terparts, the Riemannian potential of mean force (PMF) and minimum free energy path (MFEP)

are invariant under coordinate transformations [34]. However, the protocol discussed here can be

used with or without the Riemannian treatment of the colvar space.

Suppose that the dynamics of a high-dimensional atomic system (x) can be simplified as an
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effective dynamics in a reduced but generally multidimensional colvar space, ζ . The effective

dynamics can be described by a Brownian motion in the ζ space with an effective potential energy

G(ζ ), that is the PMF of the atomic system in the ζ space:

G(ζ 0) =−kBT log
〈
δ (ζ (x)−ζ 0)

〉
, (1)

where
〈
.
〉

is an ensemble average, kB and T are the Boltzmann constant and temperature, respec-

tively, and δ is the Dirac delta function.

One may sample the regions around a given point ζ 0 in the colvar space by adding a biasing

term to the potential of the atomic system such as U0(ζ ) =
k
2(ζ − ζ 0)

2 in which k is the force

constant. The free energy of the biased system (or the perturbed free energy) at point ζ 0 is:

F(ζ ) =−kBT log
∫

dζ exp
(
−β (G(ζ )+U0(ζ ))

)
, (2)

where β = (kBT )−1. For large force constants, the PMF can be approximated using the perturbed

free energy F(ζ ). Otherwise, other methods can be used to estimate the PMF as briefly described

below. If the biasing center is different in different simulations (or windows/images), we have:

Ui(ζ ) =
k
2(ζ −ζ i)

2, where i is the window/image index.

Methods such as US rely on calculating the relative free energy of different points by biasing

the system around those points in different simulations. Alternatively, the biasing center could

change by time, e.g., replacing ζ i by η(t). Examples of such simulations are SMD and targeted

MD. Here, we refer to such methods as nonequilibrium pulling simulations, which may use any

colvar(s) with any schedule of change (i.e., η(t) may or many not be linear in time). The biasing

potential is described by: U(ζ , t) = k
2(ζ −η(t))2. The accumulated nonequilibrium work at any

given time is: W (t)=
∫ t

0 dt ′ ∂

∂ t ′U(ζ , t ′). Nonequilibrium work can be used to estimate the perturbed

free energy using the Jarzynski relation [35] or other nonequilibrium work relations [36, 37]. In

this protocol, we use pulling simulations only to generate initial pathways for other simulation

protocols. The nonequilibrium pulling simulations may use multidimensional colvars; however, a
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specific 1D pathway needs to be selected in order to perform the simulations.

Ideally, one may use a 1D collective variable for defining the effective dynamics as well as the

biasing protocol. In practice, however, this may only be possible for extremely simple systems. A

practical solution to this problem is to keep the collective variable space multidimensional, while

sampling only around a particular pathway, represented by a 1D curve ζ (ξ ), parametrized by ξ .

The choice of the pathway is obviously crucial here and determines the relevance of the free energy

results to the transition of interest. Now ξ (x) can be treated as a 1D colvar defined as a function of

atomic coordinates x, and G(ξ ) is the PMF associated with ξ ,

exp(−βG(ξ )) =
〈
δ (ξ (xt)−ξ )

〉
. (3)

Assuming ξ dynamics can be effectively described by a diffusive model, we have,

dξ = (−βD(ξ )
d

dξ
G(ξ )+

d
dξ

D(ξ ))dt +
√

2D(ξ )dB. (4)

in which D(ξ ) is a position-dependent diffusion constant, and B(t) is a Wiener process such that〈
B(t)

〉
= 0 and

〈
B2(t)

〉
= t. Fokker-Planck (or Smoluchowsky) equation associated with this

process is:

∂

∂ t
p(ξ , t|ξ0,0) =

∂

∂ξ
(D(ξ )exp(−βG(ξ ))

∂

∂ξ
(exp(βG(r))p(ξ , t|ξ0,0))), (5)

in which p(ξ , t|ξ0, t) is the likelihood of finding the system at ξ after time t, given it was at ξ0

at time 0. If two major free energy minima exist at points A and B, with no other basins outside

the region spanning from A to B, the mean-first-passage time (MFPT) from A to B (τ̄FP) can be

estimated using the following relation[38]:

τ̄FP =
∫

ξB

ξA

dξ

∫ ξ

ξA
dξ ′ exp(−βG(ξ ′))

D(ξ )exp(−βG(ξ ))
. (6)

The aim of the protocols described here is to find the MFEP in a multidimensional colvar space,
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representing the most probable transition path between two free energy basins associated with two

functional states of a protein. We start by generating an approximate path using nonequilibrium

pulling simulations [23] (path generation), followed by path optimization in the multidimensional

colvar space using string method [19, 20], followed by along-the-path free energy calculations

using bias-exchange US [20], and finally followed by estimating the transition rate between the

two states using the estimated free energies and diffusion constants.

String Method with Swarms of Trajectories (SMwST)

The SMwST algorithm [19, 20] starts from an initial string, defined by N points/images {xi},

where i is any integer from 1 to N. Colvar ζ primarily defines the biasing potential, which is

Ui(ζ ) =
k
2(ζ −ζi)

2 for M copies of image i. The initial values for the image centers are determined

from the initial string: ζi = ζ (xi). The SMwST algorithm consists of three iterative steps as

follows. (Step I) Restraining: Each system is restrained for τR (restraining time) using the harmonic

potential described above centered at the current image ζi. (Step II) Drifting: The simulations are

continued after being released from restraints for τD (drifiting time). (Step III) Reparametrization:

The new center for each image i is determined by averaging over all observed ζ (x) values of M

systems associated with image i at time τR + τD and using a linear interpolation algorithm to keep

the image centers equidistant. By iterating over these steps, the string will converge to the zero-

drift path, around which the string centers oscillate (upon convergence). The zero-drift path is an

approximation of the MFEP [6, 34].

Bias Exchange Umbrella Sampling (BEUS)

Once the MFEP (parametrized by ξ ) is known, F(ξ ) can be estimated using a generalization of

US [39], termed BEUS [20]. Similar to the SMwST method, ξ is discretized and N umbrella

windows/images are defined with biasing potentials Ui(ζ
t) = k

2(ζ
t − ζ i)

2 for i = 1, . . . ,N. This

scheme can be thought of as a 1D US along the reaction coordinate ξ with an additional restraint on

the (shortest) distance from the ζ (ξ ) curve. Perturbed free energies Fi = F(ζ (i)) can be estimated
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(up to an additive constant) by self-consistently solving the equations [40, 41, 42]:

e−βFi = ∑
t

e−βUi(ζ
t)

∑ j Tje−β (U j(ζ
t)−Fj)

, (7)

in which ∑t sums over all collected samples (irrespective of which replica or image they belong

to) and Tj is the number of samples collected for image j.

With appropriate reweighting, PMF can be reconstructed in any arbitrary collective variable

space, given sufficient sampling in that space. wt , the unnormalized weight of configuration xt can

be estimated via [41]:

wt = (∑
i

Tie−β (Ui(ζ
t)−Fi))−1 (8)

in which {Fi} are estimated via Equation (7). Alternatively [41], one may estimate {wt} and {Fi}

by iteratively solving Equation (8) and:

e−βFi = ∑
t

wte−βUi(ζ
t). (9)

The PMF in terms of η(x), an arbitrary collective variable, is estimated (up to an additive

constant) as:

G(η) =−β
−1 log(∑

t
wtK(η(xt)−η)) (10)

in which K is a kernel function. The above estimator is not accurate if the sampling in η(x) is

not converged which is the case if η(x) has a slow dynamics and is not strongly correlated with ζ .

For the special case of η = ζ , the perturbed free energies {Fi} can be used directly to estimate the

PMF only within the stiff-spring approximation.

Finally, for averaging an arbitrary quantity A(x) along the pathway ζ (ξ ), one may use the

weighted average Ā(ξ )=∑t wtA(xt)δ (ζ t −ζ (ξ )). However, the unweighted estimator Āi =
〈
A(xt)

〉
i

is often more efficient. σ̄2
i =

〈
A2(xt)− Ā2〉

i/g provides an estimate for the variance, given g =

1+2τA
ac/τlag is the statistical inefficiency in which τA

ac is the autocorrelation time associated with

quantity A and τlag is the lag time between the data points used in the analysis [23].
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Transition Rate Estimation

Discretizing Relation (5) results in [43]:

P(δ t) = (1+Rδ t)P(0), (11)

where P(t) is a vector with elements Pi = p(ξi, t|ξ0,0), δ t is a small time step, and R is a tridiagonal

matrix with elements Ri i =−Ri i+1 −Ri i−1 and:

Ri i±1 = δξ
2D(ξi i± 1

2
)exp(−β (G(ξi)−G(ξi± 1

2
))), (12)

where δξ = ξi+1 = ξi for any i. More generally, for any lag time ∆t and any time t, we have:

P(t +∆t) = exp(R∆t)P(t), (13)

which implies that the likelihood of finding a system at bin j at time t +∆t, given it was at bin i at

time t, is proportional to exp(R∆t)i j. Therefore, assuming neither G(ξ ) nor D(ξ ) is known, one

may find both, as in Ref. [43], by maximizing the likelihood L = ∏α exp(R∆t)iα jα (∏α runs over

all observations of trajectories starting at the bin iα at a given time t and being found at the bin jα

at time t +δ t). Assuming G(ξ ) is known, one may find D(ξ ) using a similar maximum likelihood

approach [44]. For any given D(ξ ), R can be evaluated, resulting in the log-likelihood,

l = ∑
α

log(exp(R∆t)iα jα ), (14)

which can be maximized using a Metropolis Monte Carlo algorithm. We first estimate the factors

exp(−β (G(ξi)−G(ξi± 1
2
))) in Ri i±1, where G(ξi) is determined for i = 1,2, . . . ,N from the BEUS

simulations and G(ξi+ 1
2
) is estimated by interpolation. An arbitrary series Di+ 1

2
, i = 1, . . . ,N − 1

can be used as an initial guess for D(ξi+ 1
2
). Ri i±1 and Ri i values are then calculated to estimate the

log-likelihood l. For a faster convergence, one may start with the estimates of R associated with
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the ∆t → 0 limit of Relation (12) (i.e., Relation (11)) to maximize the log-likelihood in (14). It is

easy to show that the following values for Ri,i±1 maximize the log-likelihood in (14) at the ∆t → 0

limit:

Ri i±1 =
1
∆t

Ni i±1 +Ni±1 i

Ni i exp(−β (G(ξi±1)−G(ξi)))+Ni±1 i±1
, (15)

in which Ni j is the number of observed jumps from bin i to j with lag time ∆t. Diagonal values

of R can be also estimated using Ri i = −Ri i+1 −Ri i−1, while the other elements are zero. For an

arbitrary lag time ∆t, the log-likelihood in Relation (14) can be evaluated using the values of N

matrix as:

l = ∑
α

Ni j log(exp(Rδ t)i j). (16)

Starting from the ∆t → 0 limit of R, one can use a Metropolis Monte Carlo algorithm to maximize

the log-likelihood l in Relation (16). Di+ 1
2

is then can be estimated using:

Di+ 1
2
= δξ

2Ri i+1 exp(β (G(ξi)−G(ξi± 1
2
))). (17)

D(ξi) can be estimated by interpolation (Di− 1
2
+Di− 1

2
)/2. Finally, the MFPT (τ̄FP) can be

estimated numerically using:

τ̄FP =
N

∑
i=1

∑
i
j=1,exp(−βG(ξ j))

D(ξi)exp(−βG(ξi))
. (18)

Methods

Initial Preparation

1. Begin by preparing a membrane-embedded, water-solvated model of protein using one of

its available structures. The suggested protocol here may use information from multiple

structures in the next steps, but only one initial model needs to be prepared for all MD

simulations (see Notes 1 and 2).

2. Before employing any biased or nonequilibrium simulations, it is important to run an equi-
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librium, unbiased simulation of the protein as in a conventional MD simulation. The next

steps of the protocol will suffer particularly in terms of convergence if they are initiated from

unequilibrated structures.

3. The length of the initial equilibration simulation can vary on how quickly a stable confor-

mation can be reached. This is typically examined by monitoring the root-mean-square

deviation (RMSD) of the protein (see Note 3).

4. The last snapshot of the equilibrium MD simulation can be used as the initial conformation

for the pulling simulations. If longer simulations have been performed, multiple snapshots

may be used to examine the reproducibility as long as the selected structures resides in the

equilibrated region.

Path Generation: Nonequilibrium Pulling Simulations

1. The choice of colvars should be specific to the protein of interest. A set of colvars used

successfully to induce the transition of interest in one protein may not be applicable to an-

other protein. Some common examples include the RMSD with respect to a target structure

(as in targeted MD) and the distance between the mass centers of two specific molecules

or molecular domains (as in SMD). The orientation based colvars have particularly proven

to be very effective in describing the orientations of transmembrane helices or helical bun-

dles of transmembrane proteins and are highly recommended as an alternative to RMSD and

distance.

2. When determining what colvar to use, it is important to be familiar with the proposed con-

formational transition of the protein, in particular the target state. It is always useful to have

a model of the target state even if the model is not complete or not accurate. The target

model will not be used to run an actual MD simulation so it can typically only contain the

Cα atoms of the protein or the domains that will be steered (e.g., transmembrane helices).

3. Once a target model is available, one may run a targeted MD simulation with the target
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model to generate a transition path. The targeted MD based transition pathways are not often

reliable since they typically generate pathways that are not close to the MFEP. However,

they could provide a reference to compare other protocols that are based on other colvars.

Multistemp targeted MD simulations also provide an alternative method for generating initial

pathways, if intermediate target models are available (see Note 5).

4. The number of colvars used is completely dependent on how simple or complex the transition

pathway may be. Multiple colvars may be used in a single nonequilibrium pulling protocol;

however, a specific schedule need to be provided for changing the center of bias for each

colvar. In other words, the system is steered along a specific path in the colvar space, if

multiple colvars are used.

5. The choice of force constant is also dependent on both the colvar type—the unit of force con-

stant is that of energy divided by the square of the colvar unit—and the particular transition

of interest—the barriers that need to be crossed as the system is driven along the prede-

termined pathway is particularly important. The force constant should be large enough to

induce the conformational transition of interest. If the force constant is too large, however,

the simulation could become unstable, and the molecular system could undergo deformation

or distortion. One may need to start with an educated guess and perform a short simulation

to determine whether or not the colvars change according to their schedule. If not, the force

constant can be increased. If there is very little deviation from the schedule, the force con-

stant can be lowered to allow some deviation without introducing a delay in the schedule

that increases significantly over time (see Note 6).

6. The simulation time is also dependent on the choice of the colvars, the desired transition, and

even the force constant chosen. It is reasonable to start with relatively short simulations (a

few nanoseconds) to roughly determine the quality of the protocol and fine tune the parame-

ters; however, the final simulation that will seed the next step of our protocol (i.e., SMwST)

should be long enough (at least 100 ns) to allow for relaxation of orthogonal degrees of
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freedom not involved in the colvars used at least to some extent.

7. Since pulling simulations are relatively inexpensive, it is advantageous to repeat and try

many different protocols to identify one or more that may lead to a reasonable transition

pathway for the given protein of interest (see Fig. 1).

8. A reasonable protocol must satisfy the following four criteria:

(a) The desired transition must occur (see Note 7). To monitor this, one may use vari-

ous measures depending on the particular transition of interest. For instance, for the

activation of a channel, one may monitor the number of water molecules within the

transmembrane region of protein (see Fig. 1) or measure the pore radius using pro-

grams such as HOLE [45].

(b) The protocol must not introduce undesired structural distorsions such as major sec-

ondary structural changes (unless it is part of the transition mechanism).

(c) The protocol should not require large amounts of work (e.g., over 500 kcal/mol). Large

work indicates that the generated transition pathway is too far from equilibrium and it

may not easily relax to a converged pathway in the next step (i.e., SMwST).

(d) Finally, it is important to follow up the pulling simulations with an equilibrium simu-

lation to release the system of all restraints and to ensure that the system will maintain

a relatively stable conformation following the transition. This is to be done by slowly

releasing all restraints and then allowing the system to converge towards a new equi-

librium state. A protocol may satisfy all three criteria above but the final conformation

may not maintain the desired functional state (e.g., the channel may not stay open). In

this case, the protocol is not considered a successful protocol (see Note 8).

Path Optimization: String Method with Swarms of Trajectories

1. After performing the pulling simulations and the post equilibrium simulations, an initial set

of conformations along the generated transition pathway can be extracted from the nonequi-
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librium trajectories to initiate the SMwST algorithm (see Note 9).

2. The number of conformations extracted as snapshots from the trajectory files will be the

number of images used in the algorithm. The number of images to be used in the algorithm

may depend on the complexity of the pathway that is to be refined (see Note 10).

3. SMwST may be performed as a series of simulations, as originally implemented or it may

be run in parallel as a single job as currently implemented in NAMD (using a TCL script)

and Amber (using the NFE suite). In the parallel version, each image is represented by

a number of independent copies that are first restrained to stay around the current image

center (the restraining step) and then released (drifting stage). The total number of replicas

is determined by the number of copies of each image multiplied by the number of images

(see Note 11).

4. The collective variables to be used in the string method simulations may or may not be

similar to those used in the pulling simulations. Obviously, there needs to be more than

one colvar to have a meaningful path optimization. There is no particular limitation on the

number of colvars used as long as the colvar space represents a smooth space (see Note 12).

5. The force constants to be used for the restraining step may be at least as large as those used

in previous pulling simulations if the same colvars are used. However, it is recommended

to use larger force constants at this stage to ensure that the restrained conformations reach

and stay around the desired image center during short restraining simulations. Distortion

is unlikely in these short simulations and thus larger force constants can be employed (see

Note 13).

6. The number of iterations to be employed in the string method simulations will be dependent

on the initial pathway generated. The closer to the MFEP the initial pathway is, the faster the

SMwST simulations converge. It is thus important to ensure a reasonable pulling protocol

is used to generate the initial pathway before employing computationally costly SMwST
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simulations.

7. The convergence of the SMwST can be monitored using measures such as string RMSD

from a reference structure such as initial string or final string. The string RMSD between

two strings (of N images) is defined as the root mean square distance of the individual

colvars. For instance, if n colvars are used, the string RMSD between strings i and j would

be
√

1
nN ∑

N
k=1 ∑

n
l=1 d(ξk,l,i,ξk,l, j)2, where d(a,b) is the distance between colvars a and b, and

ξk,l,i is the l’th colvar of the k’th image of string i (see Fig. 2).

Free Energy Calculations: Bias-Exchange Umbrella Sampling

1. The converged SMwST string provides an approximation for the MFEP. To estimate the

free energy along this pathway, the US simulations can be carried out using the converged

SMwST image centers as the center of US windows with the same colvars used for the

SMwST simulations and the last snapshots of SMwST simulations as the initial conforma-

tions of the US simulations.

2. The BEUS scheme is recommended over the conventional US scheme since it allows for the

diffusion of the individual replicas along the pathway through the exchange procedure of the

BEUS scheme. The faster and more reliable convergence is expected as a result.

3. Rather than using one copy per image/window, one may use multiple copies of each image

in the BEUS scheme. This is particularly convenient since the SMwST algorithm already

provides us with multiple copies of each image if the fully parallel version is used (see Note

14).

4. BEUS uses a similar restraining bias as that used by the SMwST simulations, but unlike

the restraining used in SMwST, the force constant cannot be too large. The restraining is

used to keep the protein from drifting away from the current image centers as in the SMwST

method; however, an additional feature of BEUS is that the biasing potentials are also used to

determine the exchange criteria. Therefore, the force constant cannot be too high, otherwise,
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there will not be adequate exchange between the neighboring windows. The force constant

can be selected such that all replicas have 10 to 50 % of successful exchange at every attempt

(see Note 15).

5. By employing a nonparametric reweighting scheme as discussed above in Section 2, the

perturbed free energies can be estimated to reconstruct the free energy profile (see Fig. 3)

and various other ensemble averages along the MFEP. The perturbed free energies are only

a good estimate of the PMF along the path, if the force constant is large enough (see Note

16).

6. An alternative method to estimate the PMF is to use the weighting factors (wt’s) to construct

a PMF along a given 1D collective variable such as the first principal component obtained

from the principal component analysis of Cα atoms of proteins. The latter method has an

advantage over the former method in that it does not require the large force constant condi-

tion.

Transition Rate Estimation

1. Assuming that we have identified the MFEP relatively accurately in a relevant colvar space

such that the effect dynamics of the system can be assumed to be diffusive along the identi-

fied MFEP, we can use a 1D diffusion model to describe the effective kinetics of the system

as described in Section 2 above.

2. To determine the transition rate, the free energy profile (or the PMF) along the MFEP is

needed, which is already obtained from BEUS simulations. In addition, the the position-

dependent diffusion constant along the MFEP is also needed to accurately estimate the tran-

sition rate using Relation (6). The diffusion constant estimation can be carried out by esti-

mating inter-image transition rates measured using unbiased simulations along the MFEP.

3. Multiple copies of conformations per image/window will be extracted from BEUS trajecto-

ries to initiate these unbiased simulations. If multiple copies of images were used in BEUS
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simulations as recommended, one may simply use the last snapshots of all BEUS trajectories

as the starting point for these unbiased simulations.

4. Although these are unbiased simulations, it is recommended to collect the colvar values

during the simulations to monitor jumps between the images. These are the same colvars

used in the BEUS simulations and the colvar values can be used to first assign an image

to each sampled conformation at any given time and then count the number of transitions

between different images. One may then build an empirical transition matrix based on these

counts. The empirical transition matrix will be dependent on the lag time used to collect the

data (or to count the jumps). It is recommended to use multiple lag times to determine the

behavior of the estimated transition rates as a function of the lag time (see Note 17).

5. Once an empirical transition rate is constructed for a given lag time, a Metropolis Monte

Carlo algorithm will be used as described in Section 2, to estimate diffusion constants D(ξi)

from the empirical transition matrix and the BEUS estimate free energies G(ξi) and eventu-

ally estimate the MFPT and the overall transition rate (see Fig. 4 and Note 18).

Notes

Initial Preparation

1. In the case of membrane transporters, a typical crystal structure, cryo-EM structure, or ho-

mology model will be in an inward-facing (IF), outward-facing (OF), or occluded (Occ)

state. The choice of the starting point is often based on the quality and reliability of the

structure. E.g., a homology model is less reliable than a crystal structure; a mutant or engi-

neered crystal structure is less reliable than a wild-type one.

2. The choice of lipid composition, salt type and concentration, protonation states of titratable

amino acids, force field parameters, temperature, box size, and other MD simulation parame-

ters is determined at this stage. Care must to be taken in making these choices as any changes
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of these parameters in the next steps may complicate the interpretability of the results.

3. Although it is common to monitor the RMSD of the protein with respect to initial frame

(or preferably initial model that usually represents the known (e.g., crystal) structure), it is

recommended to also monior the RMSD with respect to the last frame. If the RMSD with

respect to the last frame stays small for a long enough period, it is a much stronger evidence

for the stability of the final conformation than if the RMSD with respect to the initial frame

stays constant.

Nonequilibrium Pulling

4. The orientation based colvars as implemented in NAMD and LAMPS (also currently avail-

able for Amber as a patch) are based on the orientation quaternion formalism that measure

the rotation of a semi-rigid-body molecule or molecular domain with respect to the same

molecule or molecular domain in a reference conformation. The colvar may fully describe

all three rotational degrees of freedom (that is in the form of an unit orientation quaternion)

or only describe the angle of rotation (orientation angle) or the angle of rotation with re-

spect to a specific axis (tilt angle or spin angle). A 1D orientation based colvar such as an

orinetation, spin, or tilt angle is typically easier to use particularly at this stage of protcol. In

SMwST/BEUS simulations, the orientation colvar that contains all three degrees of freedom

is more appropriate to use.

5. Another method to employ the pulling simulations is the definition of individual initial, final,

and hypothetical intermediate state along the transition pathway. This will be carried out in

many individual targeted simulations until the final state has been reached.Targeting of the

intermediates allows to target local minima which would otherwise not be sampled by em-

ploying a single target. The intermediate may be based on available crystal structures (e.g.,

the Occ state of a transporter) or they may be generated using other modeling techniques

(e.g., coarse-graining or isotropic network models).
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6. Although a short simulation could be quite informative with regards to the choice of the

force constant, one needs to also examine whether the force constant is large enough for the

other stages of the transition. Due to the presence of many metastable states and barriers,

it is quite possible for the system to get trapped in one of the metastable states along the

pathway and may never reach the final desired state. Increasing the force constant may help

overcoming such issues; however, often times changing the choice of the colvars or their

schedule is more effective.

7. The first step to monitor whether the desired transition has occurred is to monitor the colvars

and how they follow their imposed schedule. However, it is important to note that the final

targeted value may not be always reached, which admittedly, such is the case for TMD

simulations. As long as the final conformation has the desired functional features (e.g., it is

an open channel), the desired transition is considered to have been induced.

8. The post-pulling equilibrium MD simulations must be long enough to allow for the relax-

ation of the system. If the system relaxes to a conformation that is at the desired functional

state but significantly differs from the initial target used for pulling simulations, one may use

the equilibrated conformation as a new target to generate an alternative transition path.

Path Optimization

9. The extracted snapshots maybe extracted from the nonequilibrium pulling simulations in an

equitemporal manner. In addition, one may include a few snapshots from the post-pulling

equilibrium simulation trajectory as well. This often helps speeding up the convergence of

the SMwST simulations.

10. If the number of images is small, the reparametrization step may introduce large changes to

the image centers that cannot be easily achieved during the restraining step. Using too many

images, on the other hand, introduces unnecessary curvatures. The ideal number of images
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is highly dependent on the nature and number of the colvars. A typical number of images

would be between 50 and 200.

11. Depending on the computational resources available, one may use a hybrid version of serial

and parallel SMwST. This is again implemented in both NAMD (smwst script) and Amber

(NFE suite). In this version, one chooses to use less number of copies (or only one copy)

per image, but sample each copy more than once before averaging the drift and updating the

image centers. One may choose to use one copy per image and 20 samples per copy, or 20

copies per image and only one sample per copy, or anything in between, e.g., 5 copies per

image and 4 samples per copy. The recommended number of copies × number of samples

is at least 20.

12. One may even use the atomic coordinate space (of select atoms, e.g., Cα ’s). The orientation

based colvars, however, provide a smoother space and are expected to provide a faster and

more reliable convergence.

13. It is important to monitor the progress of the SMwST simulations, particularly in the first few

iterations, to ensure the appropriateness of the parameters chosen. For instance, one should

check whether all copies of each image end up around the desired image center during the

restraining stage before they are released. For instance, one may plot both the image centers

and the actual colvar values of the sampled conformations in different 2D colvar spaces to

ensure the sampled colvar values are closely distributed around each image center at the end

of each restraining stage.

Free Energy Calculations

14. Using multiple copies of an image/window in a BEUS simulation, given the availability of

supercomputers that allow executing large jobs, not only allows for faster sampling but more

importantly also allows for a better uncertainty estimation. The multiple copies of images
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are effectively independent simulations and provide uncorrelated data points for unbiased

uncertainty estimation.

15. Having adequate sampling overlap between the neighboring windows is important in US

simulations. Similarly, having adequate exchange rate is important in BEUS simulations.

Care must be taken in choosing the number of images and the force constants to ensure

each image is close enough to its neighboring image, allowing some exchange between the

neighboring replicas. This can be remedied by either lowering the force constant between

neighboring images that may be experiencing lower exchange rates or by adding more im-

ages allowing for more evenly spaced neighboring images and promoting a much greater ex-

change rate between neighboring images. The above parameters can be optimized iteratively

using short runs with the goal of achieving similar rates of exchange between neighboring

replicas.

16. Within the stiff-spring approximation, i.e., the large force constant assumption, the perturbed

free energy and the PMF are equal. However, the first-order correction of the approxi-

mation can be estimated a posteriori from the estimated perturbed free energy F(ξ ) as:

1
2βk(β (

d
dξ

F(ξ ))2 − d2

dξ 2 F(ξ )).

Transition Rate Estimation

17. If the lag time is too short, the data will be too correlated and the diffusion constants and

transition rates will be overestimated. If the lag time is too long, given the limited simulation

time, few transitions will be observed and the estimated diffusion constants and transition

rates will be associated with large errors. Using multiple lag times allows for identifying the

optimum lag time.

18. The simulation time is again system dependent; however, since the estimated free energies al-

ready provide relative inter-image transition rates Ri i+1/Ri+1 i = exp(−β (G(ξi)−G(ξi+1))),

the only information needed to fully construct the transition rate matrix is the downhill inter-
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image transition rates. Without the BEUS free energy estimates, both uphill and downhill

inter-image transition rates need to be estimated, which requires considerably more time.
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Figure Captions

t=0ns t=4ns

 0

 50

 100

 150

 200

 250

 0  1  2  3  4

w
or

k 
(k

ca
l/m

ol
)

time (ns)

-20
-15
-10

-5
 0
 5

 10
 15
 20

 0  1  2  3  4

an
gl

e 
(d

eg
re

es
)

time (ns)

N domain
C domain

schedule

 0

 5

 10

 15

 20

 25

 30

 0  1  2  3  4

W
at

er
 C

ou
nt

time (ns)

-20
-15
-10

-5
 0
 5

 10
 15
 20

 0  2  4  6  8  10

an
gl

e 
(d

eg
re

es
)

time (ns)

 0
 20
 40
 60
 80

 100
 120
 140

w
or

k 
(k

ca
l/m

ol
)

 0  2  4  6  8  10
time (ns)

t=0ns t=10ns

 0

 10

 20

 30

 40

 50

 60

W
at

er
 C

ou
nt

 0  2  4  6  8  10
time (ns)

A

B

C

D

Figure 1: Comparing two nonequilibrium pulling protocols to induce an IF→OF
transition in membrane transporter GlpT [20]. Both protocols induce rotational
changes on the N- and C-bundle domains of GlpT using spin angles (left) or ori-
entations (right) of the two domains. Both protocols use a force constant of 3
kcal/mol.deg2. A Time series of spin (left) and orientation (right) angles. The
black line shows the schedule of the time-dependent center of harmonic poten-
tials. B Time series of nonequilibrium work. C Snapshots of protein at the be-
ginning and end of simulations. The water molecules within the transmembrane
region are shown. D The number of water molecules in the periplasmic side of
the transmembrane region as a function of time.
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Figure 2: Monitoring the convergence of the SMwST algorithm. String RMSD at
each iteration with respect to the last string from SMwST simulations of If→OF
GlpT transition using 12 transmembrane orientations. Comparing the horizon-
tal line with measured RMSD string shows that after about 400 iterations, the
SMwST does not significantly change.
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Figure 3: BEUS simulation results of IF→OF GlpT transition. A Snapshots of the
first (i= 1) and last (i= 50) images, representing the IF and OF state, respectively.
B The pore radius along the pore based on the snapshots of the first (IF) and last
(OF) as well as an intermediate (Occ) image. The latter represents an occluded
state. C The perturbed free energies estimated from the BEUS simulations [20].
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Abstract

Severe acute respiratory syndrome (SARS) coronaviruses 1 and 2 (SARS-CoV-1 and SARS-CoV-

2) derive transmissibility from spike protein activation in the receptor binding domain (RBD) and

binding to the host cell angiotensin converting enzyme 2 (ACE2). However, the mechanistic de-

tails that describe the large-scale conformational changes associated with spike protein activation

or deactivation are still somewhat unknown. Here, we have employed an extensive set of nonequi-

librium all-atom molecular dynamics (MD) simulations, utilizing a novel protocol, for the SARS-

CoV-1 (CoV-1) and SARS-CoV-2 (CoV-2) prefusion spike proteins in order to characterize the

conformational pathways associated with the active-to-inactive transition. Our results indicate that

both CoV-1 and CoV-2 spike proteins undergo conformational transitions along pathways unique

to each protein. We have identified a number of key residues that form various inter-domain salt-

bridges, suggesting a multi-stage conformational change along the pathways. We have also con-

structed the free energy profiles along the transition pathways for both CoV-1 and CoV-2 spike

proteins. The CoV-2 spike protein must overcome larger free energy barriers to undergo confor-

mational changes towards protein activation or deactivation, when compared to CoV-1.

Introduction

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) mediates viral entry into host cell

receptors [1, 2, 3, 4] and is the major cause for the coronavirus disease pandemic in 2019 (COVID-

19) [5, 6, 7, 8, 9]. SARS-CoV-2 is by far the most effective coronavirus, among SARS coronavirus

1 (SARS-CoV-1) and Middle East respiratory syndrome (MERS) [10], in terms of being easily

transmissible to millions of people around the world [11]. Genomic analysis of SARS-related
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coronaviruses has indicated the coronavirus spike protein is the most variable region of the entire

genome [5]. This particular protein is involved in host cell recognition, by binding the human

angiotensin-converting enzyme 2 (ACE2) receptor, and viral entry by mediating membrane fusion.

Interestingly, the CoV-2 spike protein has been shown to have higher affinity for human ACE2 than

the CoV-1 spike protein [10].

SARS-CoV-2 must undergo large-scale confromational changes in the receptor binding domain

(RBD) in order to interact and bind with ACE2 [1, 2, 3, 4]. The RBD transitions from the inactive

state (“down”) to the active state (“up”) to facilitate binding of the receptor binding motif (RBM)

with ACE2 [6]. Recent Cryo-EM studies have successfully resolved structures of both spike pro-

teins in the inactive state, active unbound state, and active ACE2-bound state [12, 10, 13, 14, 15].

However, cryo-EM and X-ray crystallography studies capture static pictures of specific protein

conformations and do not provide detailed information on the dynamic behavior associated with

the major protein conformational changes [16, 17, 18]. In addition, given the substantial differ-

ences in the experimental and physiological conditions, it is not clear whether all relevant con-

formational states are captured using techniques such as cryo-EM. For instance, a recent single-

molecule fluorescence resonance energy transfer (smFRET) study has captured an alternative inac-

tive conformation for the CoV-2 spike protein [19] that is not consistent with those obtained from

cryo-EM. It is important to decipher the differential conformational landscapes of the CoV-1 and

CoV-2 spike proteins in terms of both important functional states and their dynamics. Understand-

ing the activation mechanism of the coronavirus spike proteins and its potential variant-dependent

nature is key to the development of efficient coronavirus vaccines and therapeutics with long-term

efficacy.

All-atom molecular dynamics (MD) simulations can provide dynamic pictures of biomolecular

processes at a detailed molecular level. Often times MD simulations are often unable functionally

relevant events, such as those involved in spike protein activation, tend to extend beyond the the

time scales of most MD simulations. The scope of MD simulation studies of large protein com-

plexes is most often limited to the local conformational changes of individual states starting from

38



available crystal structures or homology models [20, 21, 22, 23, 24, 25, 26, 27, 28, 29, 30]. An

efficient computational framework for describing large-scale conformational changes using a com-

bination of several distinct enhanced sampling techniques, without compromising atomic details,

has been previously developed [31, 32, 33, 34] and employed in this work.

In order to generate functionally relevant state transitions between protein activation and inac-

tivation in both SARS-CoV-1 and SARS-CoV-2, we have employed Steered Molecular Dynamics

(SMD) to generate initial transition pathways and followed by String Method with Swarms of Tra-

jectories (SMwST) for further transition path characterization and refinement in high-dimensional

collective variable spaces. Finally, Bias Exchange Umbrella Sampling (BEUS) is employed to

effectively sample along the transition pathways using optimized reaction coordinates in order to

determine the free energy associated with the conformational changes.

By employing a novel enhanced sampling scheme, we have conducted an extensive computa-

tional study to characterize the transition pathways for both SARS-CoV-1 and CoV-2 spike pro-

teins. Our results provide details indicating two very different transition pathways associated with

the deactivation of the active protomer in both systems. We also observe multiple local interactions

along the pathways in which the active RBD of each protein forms key salt-bridges along the path-

ways with an adjacent protomer’s (promters B and C) RBD, N-terminal domain (NTD), and S2

domains, suggesting the forming and breaking of these salt-bridges may be required in the activa-

tion/inactivation process and provide insights into complex multi-step state transitions specific to

CoV-1 and CoV-2. Furthermore, we observe differing dynamics of the inactive protomer RBDs for

both CoV-1 and 2 along the transition pathways. Finally, the determined free energy profiles for

both proteins have been constructed and further our results from our previous study [35]; protein

activation or deactivation in CoV-2 is hindered by a higher free energy barriers than CoV-1.
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Methods

All-atom equilibrium MD simulations.

We have used all-atom equilibrium MD simulations to characterize the active-to-inactive confor-

mational transition pathways of the two spike proteins SARS-CoV-2 and SARS-CoV-1. Our sim-

ulations were derived from the two cryo-EM structures of the SARS-CoV-2 spike protein (PDB

entry:6VYB) [10] and SARS-CoV-1 spike protein (PDB entry:5X5B) [13], both containing one

active promoter. The protein was solvated in a box of TIP3P waters, and 0.15 M NaCl (in addition

to the counterions used to neutralize the protein) using CHARMM-GUI [36, 37]. The box size for

the CoV-2 active model was 198 x 198 x 198 Å3 with 850000 atoms. The box size for the CoV-1

active model was 193 x 193 x 193 Å3 with 750000 atoms.

All simulations were conducted using the NAMD 2.13/14 [38] simulation package with sys-

tems parameterized with the CHARMM36m all-atom additive force field [39]. As described in

previous work [35], each system was energy-minimized for 10,000 steps using the conjugate gra-

dient algorithm [40]. Both systems were relaxed using restrained MD simulations in a step-wise

manner using the standard CHARMM-GUI protocol [36, 37] (“relaxation step”). Backbone and

sidechain restraints were used for 10 ns with a force constant of 1 kcal/mol.Å2 and 0.5 kcal/mol.Å2

respectively (”restraining step”). The systems were then equilibrated with no bias for another 10

ns (”equilibration step”). The initial relaxation was performed in an NVT ensemble while the rest

of the simulations were performed in an NPT ensemble. Simulations were carried out using a

2-fs time step at 310 K using a Langevin integrator with a damping coefficient of γ = 0.5 ps−1.

The pressure was maintained at 1 atm using the Nose-Hoover Langevin piston method [40, 41].

The smoothed cutoff distance for non-bonded interactions was set at 10 to 12 Å and long-range

electrostatic interactions were computed with the particle mesh Ewald (PME) method [42].
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Steered Molecular Dynamics (SMD)

To induce activation/inactivation of a protomer initially in the inactive/active conformation, we

defined collective variables based on the the Cα RMSD of each protomer for both the CoV-1

and CoV-2 systems. Reference coordinates were taken from the corresponding active/inactive

structure for both CoV-1 and CoV-2 protomers. The atoms chosen were based on the total number

of resolved and modeled residues in the CoV-2 structures. Structural analysis of CoV-1 and CoV-2

was employed to ensure that equivalent Cα atoms were steered in all simulation sets. 1037 atoms

were steered for any given protomer and the following residue range was used: 27 to 239, 244

to 315, 322 to 662, 673 to 809, and 831 to 1104. These atoms span the entire protomer, starting

from the NTD and ending approximately at the C-terminus of the S2 region. A force constant

of 250 kcal/mol/Å2 was used for SMD simulations involving a single protomer. Altogether 40

simulations were conducted (2 directions x 2 proteins x 10 replicas) for 100 ns (400 ns total) of

SMD. One pathway was chosen for each protein whose resulting pathway required the least amount

of nonequilibrum work (active-to-inactive transition pathway) [35]. Each of the two pathways were

reduced to 100 equidistant images (conformations or windows) to represent the initial transition

pathway.

String Method with Swarms of Trajectories (SMwST)

The resulting generated pathways are far from equilibrium and require path optimization. Path

refinement through the use of an automatic path finding algorithm known as string method with

swarms of trajectories (SMwST) [33] was employed. SMwST has proven successful in generating

reliable transition pathways in the past [33, 34, 43], while taking into account the nonlinearity of

multidimensional collective variables. For the first set of SMwST, we employed 200 iterations

for SARS-CoV-2 and 125 iterations for SARS-CoV-1 using the atomic coordinates of the Cα ,

with a force constant of 10 kcal/mol.Å2, atoms of the active protomer as the collective variable

to characterize the transition pathway from active to inactive, which encompassed 1037 atoms in

both systems, the same as SMD. Both systems utilized 2000 replicas in total (i.e. 100 images x 20
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copies/image), each iteration of SMwST included 10 ps of restraining followed by 1 ps of restraint

release. The total simulation times were 4.4 µs for SARS-CoV-2 and 2.75 µs for SARS-CoV-1.

A second set of SMwST was used to further characterize the transition pathways using col-

lective variables to more accurately describe the conformational changes. In our approach, we

employed more system-specific collective variables such as the “orientation quaternion” [44, 45,

46, 31]. Orientation quaternions have been proven to be efficient collective variables at inducing

a rotational change of a given molecular domain or can be utilized more simply by restraining

a domain’s orientation. For each system we employed four collective variables, the orientation

quaternion of the three domains: RBD, NTD, and S2. Additionally, the distance (distance vector)

between the RBD and S2 domain (active protomer only) was used as the fourth collective variable.

The force constants used were 200 kcal/mol.Å2 for distance and 500,000 kcal/mol.rad2 for the

orientation quaternion collective variables. Furthermore, 200 iterations of SMwST were employed

for CoV-2 and 120 iterations for CoV-1. Each iteration of SMwST included 10 ps of restraining

and 2 ps of restraint release. Similar to the first set, each system contained 2000 replicas (i.e. 100

images x 20 copies/image). The final simulation times were 4.4 µs for CoV-2 and 2.88 µs for

CoV-1. In total the simulation time for CoV-2 is 8.8 µs and 5.63 µs for CoV-1, and in grand total:

14.43 µs for all SMwST simulations.

Bias Exchange Umbrella Sampling (BEUS)

Once optimized pathways have been generated from SMwST, the pathways were be further char-

acterized by calculating the free energy along the transition paths. The novel Bias Exchange Um-

brella Sampling (BEUS) scheme utilized in this work, allows for very accurate sampling along a

transition pathway best represented by the optimal transition pathways generated from the SMwST

simulations [31, 32, 33, 34]. The two converged SMwST simulations were reduced to 100 replicas,

1 replica extracted from each of the 100 images. We performed 25 ns of BEUS, a replica exchange

was attempted every 2 ps, in the reparameterized collective variable space described above, to pro-

vide enough sampled dynamics for accurate construction of active-to-inactive free energy profiles.
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The force constants used for each of the collective variables was 2000 kcal/mol.rad2 for the orien-

tation quaternion restraints (both systems) and for the distance restraints 2 kcal/mol.Å2 for CoV-2

and 0.5 kcal/mol.Å2 for CoV-1. The exchange rates for 100 replicas in both CoV-1 and CoV-2

were as follows: 64% for CoV-1 and 63% for CoV-2.

Theoretical Framework

The SMwST algorithm [47, 33] starts from an initial string, defined by N points/images {xi},

where i is any integer from 1 to N. Colvar ζ primarily defines the biasing potential, which is

Ui(ζ ) =
k
2(ζ −ζi)

2 for M copies of image i. The initial values for the image centers are determined

from the initial string: ζi = ζ (xi). The SMwST algorithm consists of three iterative steps as

follows. (Step I) Restraining: Each system is restrained for τR (restraining time) using the harmonic

potential described above centered at the current image ζi. (Step II) Drifting: The simulations are

continued after being released from restraints for τD (drifiting time). (Step III) Reparametrization:

The new center for each image i is determined by averaging over all observed ζ (x) values of M

systems associated with image i at time τR + τD and using a linear interpolation algorithm to keep

the image centers equidistant. By iterating over these steps, the string will converge to the zero-

drift path, around which the string centers oscillate (upon convergence). The zero-drift path is an

approximation of the MFEP [48, 49].

Once the MFEP (parametrized by ξ ) is known, F(ξ ) can be estimated using a generalization

of US [50], termed BEUS [33]. Similar to the SMwST method, ξ is discretized and N umbrella

windows/images are defined with biasing potentials Ui(ζ
t) = k

2(ζ
t − ζ i)

2 for i = 1, . . . ,N. This

scheme can be thought of as a 1D US along the reaction coordinate ξ with an additional restraint on

the (shortest) distance from the ζ (ξ ) curve. Perturbed free energies Fi = F(ζ (i)) can be estimated

(up to an additive constant) by self-consistently solving the equations [51, 52, 53]:

e−βFi = ∑
t

e−βUi(ζ
t)

∑ j Tje−β (U j(ζ
t)−Fj)

, (19)
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in which ∑t sums over all collected samples (irrespective of which replica or image they belong

to) and Tj is the number of samples collected for image j.

With appropriate reweighting, PMF can be reconstructed in any arbitrary collective variable

space, given sufficient sampling in that space. wt , the unnormalized weight of configuration xt can

be estimated via [52]:

wt = (∑
i

Tie−β (Ui(ζ
t)−Fi))−1 (20)

in which {Fi} are estimated via Equation (19). Alternatively [52], one may estimate {wt} and {Fi}

by iteratively solving Equation (20) and:

e−βFi = ∑
t

wte−βUi(ζ
t). (21)

The PMF in terms of η(x), an arbitrary collective variable, is estimated (up to an additive

constant) as:

G(η) =−β
−1 log(∑

t
wtK(η(xt)−η)) (22)

in which K is a kernel function. The above estimator is not accurate if the sampling in η(x) is

not converged which is the case if η(x) has a slow dynamics and is not strongly correlated with ζ .

For the special case of η = ζ , the perturbed free energies {Fi} can be used directly to estimate the

PMF only within the stiff-spring approximation.

Finally, for averaging an arbitrary quantity A(x) along the pathway ζ (ξ ), one may use the

weighted average Ā(ξ )=∑t wtA(xt)δ (ζ t −ζ (ξ )). However, the unweighted estimator Āi =
〈
A(xt)

〉
i

is often more efficient. σ̄2
i =

〈
A2(xt)− Ā2〉

i/g provides an estimate for the variance, given g =

1+2τA
ac/τlag is the statistical inefficiency in which τA

ac is the autocorrelation time associated with

quantity A and τlag is the lag time between the data points used in the analysis [32].
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Results and Discussion

We recently performed a combination of all-atom microsecond-level and SMD simulations of the

non-glycosylated spike proteins SARS-CoV-1 and the original SARS-CoV-2 strain [35]. In all but

one of the systems simulated, no large-scale conformational change occurred within the timescales

of the unbiased simulations. A simulation that was initiated from the active conformation for CoV-

1 transitioned from active to a “pseudo-inactive” and provided details on a number local interac-

tions between the CoV-1 spike NTD and RBD, some of which are unique to CoV-1, and were di-

rectly involved in the deactivation of the spike protein. Furthermore, the SMD simulations showed

that it is relatively difficult for the CoV-2 spike protein to undergo a large-scale conformational

transition between active and inactive states, when compared to the CoV-1 spike protein.

To further the work previously employed, we aimed to more accurately characterize the confor-

mational transition of the active protomer in both CoV-1 and CoV-2 using a computational protocol

that has proven to be reliable at accurately describing large-scale conformational changes [31, 32,

33, 34]. Using the pathways that were generated from the previous sets of SMD simulations [35],

we chose one pathway for both CoV-1 and CoV-2 to be used as the initial defining pathway to be

further characterized by the SMwST simulations. These particular pathways were derived from

the sets of simulations in the direction of active-to-inactive. In order to determine the appropri-

ate pathways to be utilized, we employed a “work-based” analysis when choosing them, (i.e. the

pathways that required the least amount of nonequilibrum work) under the assumption that the

pathways generated were energetically favored. Currently, the pathway that connects the active

and inactive states in both proteins is not known but the cryo-EM structures provide details on the

two end states (active and inactive) [13, 10].
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Figure 1: Global conformational changes of the CoV-1 and CoV-2 spike proteins (A, B) Side
view of active and inactive states for CoV-1. The active protomer, A, is colored in red, protomer
B is colored in cyan, and protomer C is colored in magenta Protomers B and C are represented
transparent. (C, D) Protomer A is colored in orange, protomer B is colored in tan, and protomer
C is colored in blue. Protomers B and C are represented transparent. (E) RBD-S2 center of mass
distance vs. RBDA-NTDA interdomain angle, each domain is represented by the roll axis (longest
principle axis). Each point is the average value of the 20 copies for each image and the error bars
are defined by the standard deviation of the 20 copies for each image. (F) The first two principle
components of the protomer A Cα atoms.

The work that is presented here is primarily derived from an extensive set of SMwST simula-

tions (data reported is generated from the last iteration of the final set of string method simulations)

that employed string method using different definitions for the collective variables used in biasing

the active protomer. The first set focused on biasing the atomic coordinates of the of Cα atoms that

encompass the active protomer. Atomic coordinate [43] biasing has shown to be a useful applica-

tion for SMwST simulations when characterizing transition pathways. The second set employed

distance and orientation quaternion based collective variables in order to describe the conforma-

tional changes of the active protomer deactivation more appropriately. Supplementary figures 1-4
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show the convergence of the two sets of string method simulations with collective variables that

provide insight into the global conformational changes of the CoV-1 and CoV-2 spike protein’s

active protomer along the transition pathways.

TransientActive

CoV-2

CBA CoV-1

NTDB

RBDC

RBDB

RBDA

NTDC

NTDA

Inactive

FED

NTDB

RBDC

RBDB

RBDA

NTDC

NTDA

CoV-1 CoV-2

CoV-1 CoV-2

Active Inactive

G H

I J

Figure 2: Receptor binding domains show a differential dynamic behavior. (A-C) Top view
of active, transient, and inactive states for CoV-1. (D-F) Top view of active, transient, and inactive
states for CoV-2. (G, H) RBD-RBD center of mass distances with respect to the image index. (I,
J) RBD-NTD center of mass distance of each RBD and its adjacent NTD respect to the image
index. Each point is the average value of the 20 copies for each image and the error bars are
defined by the standard deviation of the 20 copies for each image.

Global protein conformational changes

With the transition pathways characterized, the global protein conformational changes along the

deactivation pathways can be described. Figure 1 A-D, emphasizes the similarities and differences

between two proteins when in the active and inactive conformations, with CoV-1 adopting a more

“active” conformation (Fig.1A) as the RBD appears to be pointed straight up, while the RBD in
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CoV-2 is angled downward in the direction toward NTDB (Fig.1C). The inactive conformations

(Fig.1B,D) show a noticeable difference in the RBD orientations with the RBD in CoV-1 being

slightly tilted downwards and away from the adjacent RBDs and the RBD in CoV-2 tilted slightly

upwards and towards the adjacent RBDs. Figure 1E shows the coupling between same protomer

domains as the conformational changes is occurring along the deactivation pathway. The RBD in

CoV-1 rotates away from the NTD before any change in the RBD-S2 distance occurs, the RBD-S2

distance remains constant at ∼93 Å until the angle between the two domains approaches closer

to 90◦ and then the trend between the two calculations becomes quite linear. Unlike CoV-1, the

transition of the active protomer is coupled linearly between the two RBD-S2 distance the RBD-

NTD angle. The deactivation of the RBD in both proteins follows two different paths, the RBD in

CoV-1 rotates farther from the NTD before transitioning closer to the S2 domain, while the RBD

deactivation in CoV-2 is essentially negatively correlated between the two definitions. Further-

more, we have also monitored the degree of the ACE2 accessibility (Supplementary Fig.3), using a

definition derived by Peng et al [54]. The relative degree of the ACE2 accessibility for both CoV-1

and CoV-2 is in line with the thresholds of 52.2◦-84.8◦, with ACE2 being completely inaccessible

for images (windows) >50.

To further track the conformational changes of the CoV-1 and CoV-2 spike proteins, more in-

sight was gained by projecting the Cα atoms of the active protomer, taken from the last frame of

the SMwST simulation trajectories, onto its principle components. Figure 1F further illustrates

how the two protein active protomers take two different pathways during active-to-inactive tran-

sition. PC1 and PC2 account for ∼83% of the variance with PC1 accounting for ∼63% of the

variance. PC1 roughly describes the motions of the RBD rotating downward towards the inac-

tive state, with slight deviations in both the NTD and S2 domains, and PC2 describes a rotational

change of the RBD in the XY plane. Following along the pathways from active-to-inactive, both

CoV-1 and 2 exhibit paths similar to those provided in Figure 1E. CoV-2 transitions linearly and

CoV-1 undergoes a non-linear path in the PC space.
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Active and inactive RBD conformations

The top views of the CoV-1 and CoV-2 spike proteins (Fig.2A-F) further exhibit the differences

between the two ends states (Fig.1A-D) and provide insight into two example transient confor-

mations (image 50) along the transition pathways. The RBD, when in the active conformation,

CoV-1 is oriented equidistant between NTDA and NTDB, while RBDC remains in close proximity

of RBDA (Fig.2A). The active RBD in CoV-2 is positioned closer to the adjacent protomer NTDB

(Fig.2D). The transient conformation for both CoV-1 and CoV-2 spike proteins (Fig2.B,E) provides

insight into the differing orientations of RBD activation halfway through the transition pathway.

Further inspection of the top views (Fig.2A-F) provide insight into how the inactive RBDs (pro-

tomers B and C) adopt different orientations as the active RBD transitions towards the inactive

state. All three RBDs in CoV-2 begin to pack tighter together (Fig.2E-F) as the active RBD transi-

tions towards being inactive. In CoV-1 the RBD’s move away and position closer towards the each

adjacent protomer NTD (Fig.2B,C), this is extenuated in (Fig.2C) as there is a gap between all

three RBDs and much of the S2 domain is visible below (represented colorless and transparent).

This is not the case for CoV-2 as all three RBDs are positioned close enough that the S2 domain is

significantly less visible underneath.
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Figure 3: Multi-step transition pathway of CoV-1 coupled through key salt-bridges (A-E)
Tracking the conformational changes of the CoV-1 spike protein along the transition pathway.
Arrows point in the direction the active protomer RBD transitions along the pathway. Key salt-
bridges are indicated below the protein snapshots that are formed along the transition pathway.

Figure 2 G-J tracks the inter-domain center of mass distances between the three RBD’s and
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the center of mass distances between each RBD and its adjacent protomer’s NTD. The trends in

the RBD-RBD inter-domain distances provide further indication that the receptor binding domains

tend to remain in close proximity, amongst all three, in CoV-2 (Fig.2H) and the RBDs in CoV-

1 (Fig.2G) transition closer to the RBD that is adjacent or “points to” when either transitioning

towards inactive or residing in the inactive conformation. Similar to the trend that is observed in

Figure 1E, the RBD-NTD distance remains constant across the first 40 images and then becomes

linear as it is moving closer to NTDB. The active RBD in CoV-1 moves closer to other neighboring

domains (Fig.3) before transitioning closer towards NTDB. The RBDs in CoV-1 tend to adopt

conformations that remain pointing towards the adjacent RBD but lie closer in the proximity to

the adjacent protomer’s NTD (Fig.2A-C,I) unlike the RBDs in CoV-2, which remain in equal

proximity to each of the adjacent domains (Fig.2D-F,J).

Coupling between global and local conformational changes

Figures 3,4 illustrate the coupling between global conformational changes of the active protomer

and local conformational changes through the forming and breaking of key salt-bridge interactions

between the active RBD and neighboring domains along the transition pathways. These events

are used to characterize the transitions of the active protomers into a number of key events along

the pathways. Supplementary Figures 2,3 provide the list of all key salt-bridge interactions, with

respect to the image index, for both the CoV-1 and CoV-2 spike proteins.

The RBD in CoV-1 undergoes a rotational change along its Z axis (Fig.3A) and forms a salt-

bridge between D560 in the linker region between RBDA and the S2A and K836 of the S2 domain

of protomer B. The formation of salt-bridge is quickly followed by the formation of a salt-bridge

between K543 of RBDA and D825 of S2B (Fig.3B). RBDA continues deactivating and transitions

closer to RBDB (Fig.3C) and forms two salt-bridges. The first being, forms very briefly and breaks,

K373 of RBDA and D407 of RBDC. The second salt-bridge forms between (Supporting Fig.2)

D312 of RBDA and K447 of RBDC. The RBD of protomer A is following by a transition down-

wards towards the S2 domain and transitions in the direction towards protomer B (Fig.3D,E). A
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salt-bridge is formed between K373 of RBDA and E730 of S2B as the RBD continues transition-

ing towards inactive. The stabilization of the inactive state is required by the formation of three

salt-bridges. The first, a brief forming transient salt-bridge, between RBDA and the NTD and S2

domains of protomer B. These salt-bridges include D572 of the linker region between RBDA and

the S2A and R829 of S2B, D415 of RBDA and R965 S2B, and D557 of RBDA and R48 of NTDB.
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Figure 4: Multi-step transition pathway of CoV-2 coupled through key salt-bridges (A-D)
Tracking the conformational changes of the CoV-2 spike protein along the transition pathway.
Arrows point in the direction the active protomer RBD transitions along the pathway. Key salt-
bridges are indicated below the protein snapshots that are formed along the transition pathway.

The deactivation of RBDA in CoV-2 begins by transitioning downwards and forms a salt-bridge

between K529 of RBDA and D843 of S2B (Fig.4A). The formation of this salt-bridge is quickly

followed by the formation of a salt-bridge between K528 of RBDA and D839 of S2B (Supporting

Fig.3). RBDA transitions closer towards the adjacent NTD of protomer B (Fig.4 B) and forms a

salt-bridge between R355 of RBDA and E132 of NTDB. Next, RBDA transitions towards RBDC

and forms a salt-bridge between R408 of RBDA and D405 of RBDC. Finally, RBDA continues

transitioning towards and inactive and is stabilized by three salt-bridges, two between the RBD

and NTD of protomer B, and third forming with the S2 of protomer C. The three formed salt-

bridges include E484 of RBDA and K528 of RBDB, K462 of RBDA and D198 NTDB, and D427

of RBDA and K986 of S2C.
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Figure 5: Free energy profiles for the CoV-1 and CoV-2 spike proteins A Free energy profile
along the transition pathways. Each image (window) represents a particular conformation for
CoV-1 and CoV-2 on the discretized pathways composed of 100 images each. The error bars
represent the standard deviation based on Bayesian block bootstrapping. Specific conformations
of the spike proteins are utilized to represent the two minima (local and global) and the transition
states. Protomers B and C are represented transparent in both proteins.

Transition path free energy calculations

We have computed the free energy profiles along the transition pathways, derived from the second

set of the SMwST simulations, for both CoV-1 and CoV-2 spike proteins and utilized the same

reaction coordinates described by the same collective variable space as indicated in the methods

section. The free energy profiles were computed by excluding the first 5 ns, equilibrium phase, and

binned the last 20 ns into 4-5 ns bins for bootstrap re-sampling. The constructed free energy profiles

(Fig.5) with respect to the image index (includes snapshots of the spike proteins at the associated

image index, representing the minima and transition states), indicates a higher free energy barrier

for Cov-2, with height 3.1 kcal.mol−1. The profile also contains a broad free energy well located

in the region of active conformations, composed of images 5-40 and local minima with a free

energy of 1.2 kcal.mol−1. The global minimum resides with an inactive conformation at image

90. CoV-1 also has well formed, local minima, along the active conformations, images 2-20, with

a free energy of 2.0 kcal.mol−1. The well is followed by a lower free energy barrier that CoV-2
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at 2.7 kcal.mol−1. The global minimum for CoV-1 is located at image 80. Interestingly, a broad

free energy well is present in CoV-1, similar to CoV-2, which resides in conformations associated

with being in the inactive conformation. The presence of these two very broad free energy wells

are described by a higher contribution of conformational entropy, and thus, the proteins can easily

occupy or transition between any one of the states that encompass these free energy wells. These

results are in line with our previous work [35] with CoV-1 exhibiting a free energy profile that

indicates a low free energy barrier when transitioning towards the inactive conformation and CoV-

2 is hindered by higher free energy barriers when either transitioning towards active or inactive.

Conclusion

By employing a rigorous computational study, we have demonstrated that the SARS-CoV-1 and

SARS-CoV-2 spike proteins exhibit differential dynamic behavior by characterizing the large-scale

conformational changes associated with the active-to-inactive transition pathways using biased

molecular dynamics simulations. More specifically, the transition pathways were first determined

through the use of SMD, further refined by employing two sets of SMwST, and effectively sampled

the transition pathways using BEUS to determine the associated free energy barriers along the

pathways. The amount of detail provided here will allow for the testing of various experiments and

even the trapping of specific intermediate states along the transition pathways.

Several experiments could be performed in order to test the results presented in our computa-

tional study. For instance, the importance certain residues play in forming key salt-bridge interac-

tions between the active protomer RBD and adjacent domains, for both CoV-1 and CoV-2, could

be investigated via site-directed mutagenesis. This could shed light on some additional insights

on the conformational dynamics of the CoV-1 and CoV-2 spike proteins. Additionally, smFRET

experiments could be used to investigate potential, RBD-RBD, RBD-NTD, and RBD-S2 interac-

tions by measuring the distance between fluorophores attached at specific points in each domain.

Disulfide cross-linking experiments could also be used to investigate residues in the NTD, RBD,

and S2 that potentially interact with each other.
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MD simulations provide atomic-level elucidation of the dynamic behavior of proteins [18, 17]

and other biomolecules. Here, we have performed simulations using the non-glycosylated spike

proteins of CoV-1 and CoV-2. A recent study has shown that glycosylation of the spike proteins

might play an important role in the conformational dynamics of the RBD [55, 56]. However there

exists the difficulty in determining whether conformational changes occur as a result of the intrinsic

protein dynamics or the differential glycosylation patterns of the CoV-1 and CoV-2 spike proteins

imposed by modeling. Admittedly, it is advantageous to employ the same protocol described in

this work using glycoslated models, as much is still unknown about the large-scale confromational

changes that connect to the states between the active and inactive proteins.

Our results for non-glycosylated SARS-CoV-2 spike protein somewhat resembles that of the

glycosylated SARS-CoV-2 spike protein, recently reported by Pang et al. [57] (higher and broader

free energy well for the open state) but the free energy values are scaled down by a factor of ∼3

due to the absence of glycan chains [57]. Similar reduction in the free energies was observed when

the glycans were removed; however, the free energy difference between the open and closed states

also disappears in the absence of the glycan chains [57]. We believe since we have used transition

path finding (string method); our results are perhaps more reliable than those obtained from direct

BEUS simulations without any path optimization. Another possibility to explain the difference is

that free energy values are generally collective variable dependent and we have not used the same

collective variables as Pang et al. [57].

As discussed previously, our study primarily sheds light on the conformational dynamics of

the SARS-CoV-1 and SARS-CoV-2 spike proteins. While differences in the dynamic behavior of

these spike proteins almost certainly contribute to differences in transmissibility and infectivity,

factors such as spike protein glycosylation and the behavior of other viral proteins also need to be

considered in order to provide a more complete hypothesis. Additional experimental and compu-

tational studies are thus needed to fully investigate the differential infectivity and transmissibility

of SARS-CoV-1 and SARS-CoV-2. Our simulations provide valuable insight into the dynamic

behavior of the CoV-1 and CoV-2 spike proteins when transitioning between active-to-inactive.
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Employing the simulation protocol presented here, in the reverse direction: inactive-to-active, is

required to determine the reversibility of the characterized transition pathways (i.e. global and

local conformational changes and location of free energy barriers). An improved understanding of

the conformational changes regarding activation or inactivation of the spike proteins, is critical to

the effective development of novel therapeutics and vaccines using a structure-based drug design

framework.
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Abstract

Major facilitator superfamily (MFS) of transporters consists of three classes of membrane trans-

porters: symporters, uniporters, and antiporters. Despite such diverse functions, MFS transporters

are believed to undergo similar conformational changes within their distinct transport cycles.

While the similarities between conformational changes are noteworthy, the differences are also

important since they could potentially explain the distinct functions of symporters, uniporters, and

antiporters of MFS superfamily. We have performed a variety of equilibrium, non-equilibrium,

biased, and unbiased all-atom molecular dynamics (MD) simulations of bacterial proton-coupled

oligopeptide transporter GkPOT, glucose transporter 1 (GluT1), and glycerol-3-phosphate trans-

porter (GlpT) to compare the similarities and differences of the conformational dynamics of three

different classes of transporters. Here we have simulated the apo protein in an explicit membrane

environment. Our results suggest a very similar conformational transition involving interbundle

salt-bridge formation/disruption coupled with the orientation changes of transmembrane (TM) he-

lices, specifically H1/H7 and H5/H11, resulting in an alternation in the accessibility of water at the

cyto- and periplasmic gates

Introduction

Membrane transporters facilitate the exchange of materials across lipid bilayers. Among these

transporters, the major facilitator superfamily (MFS) is the largest family of secondary membrane

transporters, comprised by more than 10,000 members [1, 2]. Examples of MFS transporters that

have been studied structurally include the lactose permease (LacY) from Escherichia coli (a suger-

porter) [3, 4, 5], the glycerol-3-phosphate transporter (GlpT) [6], xylose transporter(XylE) [7], and

the multidrug transporter EmrD [8].
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Figure 1: Schematic representation of the MFS facillitative diffusion of a substrate
across cell membrane.

All MFS transporters share a common 12 TM helical structure, consisting of an N- and a C-

bundle domain, displaying a twofold pseudo-symmetry [9]. MFS transporters function in a number

of different ways including active and passive transport. The latter function is uniport (transport

of only one molecule in one direction) and the former is either symport or antiport [6, 10, 9]

(transport of two distinct molecules in the same direction and transport of two distinct molecules

in opposite directions). Despite these distinct functions, MFS transporters all share a common

overall mode of function known as the “alternating access” mechanism, which is shared with other

membrane transporters [1, 9, 10]. According to this mechanism, the binding site is never exposed

to both sides of membrane at the same time; instead, the protein alternates between an inward- (IF)

and an outward-facing (OF) conformation. A more specific model of alternating access in MFS

transporters has been proposed, which is known as the “rocker-switch” mechanism [6]. In order

for transport to ensue, the N- and C-bundle domains undergo concerted conformational changes,

resembling a rocker-switch-like mode of movement that exposes the binding site to the two sides

of membrane alternatively and provides a mechanism for substrate translocation (Figure 1). In

addition to the IF and OF states, the transport mechanism also involves occluded intermediates,

where the binding site is exposed to neither side of the membrane.

Structural similarities of the MFS transporters suggest that these transporters may undergo sim-

ilar conformational changes during their inter-conversions between the IF and OF states; although
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the coupling of these conformational changes to different binding/unbinding events is likely to be

quite different in various symporters, uniporters, and antiporters. In order to study the similarities

and differences of the structural changes in three different classes of MFS transporters, here we

present a comparative view of IF-OF conformational changes of three proteins from three different

classes of MFS transporters, including a bacterial proton-coupled oligopeptide transporter, namely

GkPOT [11, 12], the human glucose transporter 1 (GluT1) [13, 14], and the bacterial glycerol-

3-phosphate transporter (GlpT) [6]. We specifically limit the discussion to the apo state of these

proteins; however, we are aware that a full picture can only be provided if the full transport cy-

cle is simulated. This includes the binding, unbinding, and translocation of substrates and their

cotransported species. The study of apo protein IF-OF transition is the first step in characterizing

the structural changes of MFS transporters within their transport cycle, which is the subject of the

current study.

GluT1, a uniporter belonging to the sugar porter subfamily of MFS transporters, mediates the

uptake of glucose by passively transporting it along its concentration gradient [13]. In GluT1, the

N and C domains are connected by an intracellular helical bundle (ICH) which comprises four

short α-helices. The ICH domain is observed in the structures of other sugar porter members, such

as XylE, but not in other MFS transporters, suggesting that the ICH may be a unique feature of

the sugar porter subfamily. The ICH in sugar porter members acts as “latch” to secure closure

of the intracellular gate in the OF conformation [14]. Although GluT1 is a passive transporter,

recent structural studies suggest that the transport mechanism follows an alternating access mode

of function similar to active membrane transporters [14, 15, 16].

Proton-coupled oligopeptide transporters (POTs) are among the symporter members of the

MFS superfamily. POTs uptake small peptides and peptide like molecules to the cell across the

cell membrane using the inward directed proton electrochemical gradient as the source of energy

for their active symport function [17, 18]. A very important feature among POTs is substrate

promiscuity [19] attributed to the binding site accommodating a range of peptides and peptide

like molecules in multiple orientations [20]. Mammalian POTs are yet to be crystallized; how-
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ever, several bacterial POT members have recently been crystallized including PepTso [21, 20],

PepTst [11, 22], PepTso2 [12], and GkPOT [18]. Particularly, the POT transporter from Geobacil-

lus kaustophilus bacterium (GkPOT) has been crystallized in a lipidic environment to a remarkably

high resolution of 1.9 Å [18].

GlpT is an antiporter member of the MFS superfamily that uptakes glycerol-3-phosphate using

the outward directed inorganic phosphate concentration gradient as the source of energy for its

active antiport activity [6, 23]. The binding of inorganic phosphate facilitates the transition from

the IF-OF states, and the replacement of glycerol-3-phosphate reverts the protein back to the IF

conformation [24, 25].

Molecular dynamics simulations have been a useful tool in the extensive study of proteins and

membrane transporters such as GkPOT [26], GluT1 [27], and GlpT [28]. Unfortunately, due to

the short timescales of typical unbiased molecular dynamics simulations, this technique is often

incapable of capturing large-scale conformational changes. To be able to sample such confor-

mations, enhanced sampling techniques are typically sought after, due to their ability to capture

longer timescales. These include simulations such as steered molecular dynamics (SMD) [29]

or targeted molecular dynamics (TMD) [30]. Admittedly, the transition between the IF and OF

conformation may be sampled using unbiased MD for certain proteins. Recent work has shown

a complete transition of GluT1 in 1-1.5 µs [27]. For slower IF-OF transitions, we have recently

proposed a computational recipe that allows for reconstructing the IF-OF transition of various

timescales [31, 32, 28]. We have recently improved this protocol by employing a Riemannian de-

scription of conformational landscape of protein [33]. The conformational transition pathways of

GlpT has already been reported previously for the apo and phosphate-bound proteins [28]. Here

we compare the IF-OF conformational transition pathway of apo GkPOT and GluT1 to that of

GlpT and discuss the similarities and differences of these pathways in detail.
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Theoretical Methods

Characterizing structural transitions of membrane transporters without compromising the detailed

chemical description of these systems and their environments is computationally challenging mainly

due to the prohibitively long timescales involved in such processes. Here we have employed all-

atom MD to study the IF-OF conformational transitions of MFS transporters in the apo state. The

GlpT simulations were previously reported [28] and they are only included here for comparison.

We were able to capture the GluT1 IF→OF transition using unbiased equilibrium MD; however,

the GkPOT IF→OF transition was not captured using such simulations [26]. We therefore used

the Riemannian [33] version of the protocols developed for enhanced sampling simulations of

GlpT [28] to capture the IF→OF transition in apo GkPOT.

In each case, we used a membrane-embedded model of the wild-types apo protein (GkPOT [26],

GluT1, and GlpT [28]) in its respective IF state based on the available crystal structure of protein

(PDB: 4IKV [18], 4PYP [14], and 1PW4 [25], for GkPOT, GluT1, and GlpT, respectively). GkPOT

and GlpT were placed in the 1-Palmitoyl-2-oleoyl-sn-glycero-3-phosphoethanolamine (POPE) lipids

and all the crystal structure waters were removed. The protocols for generating these models have

been previously reported for GlpT [28] and GkPOT [26] in detail. For GluT1, we used CHARMM-

GUI [34, 35] for building the simulation system. The THR 45 mutated residue in GluT1 crystal

stricture (PDB: 4PYP) [14] was substituted by the wild-type amino acid and GluT1 was placed in

a lipid bilayer of 1-Palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC), solvated with TIP3P

waters [36], ionized with 0.15 M KCl, and placed in a box of ≈106×105×104 Å3.

We used CHARMM36 all-atom additive force field to describe all molecules [37, 38]. All

MD simulations were performed with NAMD 2.11 [39]. Prior to equilibrium runs, each system

was energy minimized for 10,000 steps using conjugate gradient algorithm [40] and relaxed us-

ing a ∼1 ns multi-step restraining procedure (CHARMM-GUI’s default procedure for membrane

proteins [34]). This initial relaxation was performed in an NVT ensemble while all production

runs were performed in an NPT ensemble. Simulations were carried out using a 2 fs timestep at

310 K using a Langevin integrator with a damping coefficient of γ =0.5 ps−1. The pressure was
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maintained at 1 atm using the Nosé-Hoover Langevin piston method [41, 42]. The smoothed cutoff

distance for non-bonded interactions was set to 10−12 Å, and long-range electrostatic interactions

were computed with the particle mesh Ewald (PME) method [43] and periodic boundary condi-

tions were used in all simulations. We performed two sets (replicas) of equilibrium MD simulations

for GluT1. Each replica was equilibrated for 700 ns. The simulation times employed were long

enough to capture the IF→OF transition in the apo GluT1.

For GkPOT, the starting point for the simulations presented here was the equilibrated model

from the unbiased simulations reported previously for the apo GkPOT [26]. We then performed

SMD simulations using various biasing protocols, described in detail in Supporting Information.

Here we only present the results of the most successful protocol, which uses a biasing potential

based on the orientation of TM helices H1, H2, H7, and H8 to induce the IF→OF transition of apo

GkPOT. The simulation time for this SMD protocol was 100 ns. During this simulation, a harmonic

restraint was imposed on the orientation quaternions of the aforementioned helices with a varying

harmonic center starting from the orientation quaternions of the initial conformation of the SMD

simulation and changing towards those of a target structure that was built based on a homology

model of MFS protein LacY, whose crystal structure is in the OF state (PDB: 3O7Q) [44]. The

biasing potential was 1
2kΩ2, where k = 10,000kcal/(molÅ2) is the harmonic constant and Ω is the

geodesic distance between the current orientation quaternion and a nonlinear interpolation of the

initial and target orientation quaternions based on the Riemannian geometry. The outcome of the

SMD simulation was equilibrated again for approximately 200 ns to determine the stability of the

generated OF state of GkPOT. Prior to this follow-up equilibrium simulation, the final harmonic

restraint on orientation quaternions were released gradually within a 15-ns SMD simulation with a

fixed center an a variable force constant from 10,000 to 0 kcal/(molÅ2).
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IF

OF

A B C

Figure 2: MFS trasnporters GkPOT (A), GluT1 (B), and GlpT (C) in the OF
(top) and IF (bottom) conformations. Helices 1,7 are colored in blue and helices
5,11 are colored in red. The remaining helices are colored grey to extenuate the
changes in the helices that play dominant roles in the cytoplasmic and periplas-
mic/extracelluar and intracellular gating.

Results and Discussion

In a previously reported [26] study of GkPOT, 400ns simulations in various apo and substrate-

bound conditions have revealed the shortcomings of unbiased MD for the study of global confor-

mational changes in this protein. Therefore, the equilibrated structure of apo GkPOT was used

here to initiate nonequilibrium pulling SMD simulations to capture the IF→OF conformational

transition as described in Theoretical Methods. A number of TM helix biasing protocols were

conducted to steer the conformational change to the unknown OF conformation. The combina-

tion of H1, H2, H7 and H8 provided the most successful attempt, evaluated by the stability of the

resulting OF conformation; i.e., once equilibrated, the resulting conformation from the SMD sim-

ulation should stay in an OF conformation with an open periplasmic gate and a closed cytoplasmic

gate. Similar to GkPOT, the simulations of GlpT were previously conducted using a similar bias-
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ing protocol, which only involved the TM helices H1 and H7 [28]. This protocol was trialed in

our GkPOT studies (see Supporting Information); however, the resulting OF conformation was not

stable enough as compared to that generated using the H1/H2/H7/H8 protocol.

Two sets of equilibrium simulations for the apo GluT1 were initiated from the IF conforma-

tion. Both sets undergo a conformational change to the OF conformation at different time scales.

Within the first 200 ns for Set 1 and within the last 300 ns for Set 2. Note that GluT1 has been

crystallized [14] under conditions that are different from those used in this simulation. Specifically,

N45T/E329Q mutant GluT1 has been used for crystallography, which is different from the E329Q

mutant GluT1 in our simulations. The fast transition is likely to be attributed to the differences

between the wild-type and N45T/E329Q mutant GluT1 proteins. However, here we assume that

the transition observed in our simulations more or less reveal the important features of the IF-OF

transition of apo GluT1.

Global Protein Conformational Dynamics

Our previous simulations of GlpT revealed an important role for TM helices H1, H5, H7, H11

and the conformational changes among them by defining interhelical angle pairings between H1

and H7 (
〈
H1,H7

〉
) and between H5 and H11 (

〈
H5,H11

〉
) [28]. The former is directly involved

in periplasmic/extracellular gating and the latter is involved in cytoplasmic/intracellular gating.

Figure 2 provides insight into the IF and OF conformations of the respective proteins and helices

involved in the cyto-/intra- and periplasmic/extracellular gating, the TM helix pairings are colored

blue (H1, H7) and red (H5, H11). These proteins share a very similar topology (12 transmembrane

structure and similar openings at the two gates). GluT1 (Fig.2B), unlike the two proteins GkPOT

and GlpT, contains the additional domain, ICH, at the intracellular gate.
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Figure 3: Changes in interhelical angles
〈
H1,H7

〉
and

〈
H5,H11

〉
in GkPOT (A,B),

GluT1 (C,D), and GlpT (E,F) simulations. GkPOT time series include SMD (red)
and follow-up release (blue) simulations. GluT1 time series is based on unbi-
ased equilibrium simulations. GlpT values are based on biase-exchange umbrella
sampling simulations, where images 0 and 50 correspond to IF and OF states, re-
spectively [28].

Figure 3 describes the changes associated with these interhelical angles for GkPOT, GluT1,

and GlpT. The nature of the three sets of simulations are different; however, one can determine the

trend of the changes in these interhelical angles in all three sets of simulations, with the SMD and

follow-up release simulations described in Theoretical Methods, GkPOT transitions to a stable OF

conformation. We have shown both the SMD and the post equilibration for GkPOT. Both Sets 1
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and 2 of GluT1 undergo conformational changes at very quick timescales. Both proteins transition

from the IF conformation to an OCC conformation and then to the OF conformation within the

100 ns in Set 1 (Fig. 3C) and at ∼400 ns for Set 2. The transitions are observed by changes in the

interhelical angles for 1, 7 and 5, 11, as indicated in Figure 3 C-D.

GluT1 and GlpT contain the pronounced rotational changes in the interhelical angle between

H1 and H7. Set 2 in GluT1, during the conformational transition,
〈
H1,H7

〉
decreases from 68◦

to 52◦ and followed by a rotational increase to ∼74◦. GkPOT undergoes a similar conformational

change to GlpT along the interhelical angles. We note that during the post SMD equilibration, the〈
H1,H7

〉
angle increases again to some extent in GkPOT simulations. This is potentially due to the

fact that the change imposed on the
〈
H1,H7

〉
angle based on the LacY structure (see Theoretical

Methods) is more than the actual change in
〈
H1,H7

〉
during the IF-OF transition. The outcome

after the equilibration, is more closely similar to that of GluT1, which is less than 10 degrees. On

the other hand, the
〈
H1,H7

〉
change in GlpT is about 20 degrees. For

〈
H5,H11

〉
, GluT1 is the

transporter with the highest change. All three proteins, however, show a significant correlation

between the changes in
〈
H1,H7

〉
and

〈
H5,H11

〉
, in line with the rocker-switch mechanism.
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Figure 4: Minimum donor-acceptor distance measurements between the key inter-
bundle salt-bridge forming amino acids (A) R43 and E310 in GkPOT, (B) K38 and
E299 in GluT1 (Set 1), and (C) K46 and D274 in GlpT.
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Local Conformational Changes

As GkPOT transitions toward the OF state, an important inter-bundle salt bridge between R43

in H1 and E310 in H7 becomes disrupted, and appears to break after 75 ns of the SMD pulling

(Fig. 4A). The salt bridge forms again after the protein reaches the equilibrated OF conformation,

although the strength of this salt bridge is extremely weakened. The salt bridge forms and breaks

multiple times during the equilibrated portion of the simualtion.
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Figure 5: GkPOT water accessibility along the pore (A,B) and at peri- (bronze)
and cytoplasmic (red) gates during different stages of equilibrium and nonequilib-
rium simulations: (C) 100 ns of equilibrium simulation of GkPOT in the IF state
prior to SMD (D) 100 ns of SMD as described before for GkPOT, and (E) First
100 ns of follow-up unbiased MD after transitioning to the OF state. The water
profiles and the error bars in (A) and (B) are generated from the same simulations
used for panels (C) and (E).

The GluT1 extracelluar gating is directly influenced by the interactions between TM helices

H1 and H7. This is consistent with both GkPOT and GlpT (Figure 3). However, unlike GkPOT
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and GlpT, the interactions between H1 and H7 take place on the extracellular side of the protein

as opposed to being in transmembrane region (Fig. 4B). The salt bridges observed in the TM

region of both GkPOT and GlpT are necessary for protein stability and play a key role in substrate

translocation (Fig. 4).

A salt bridge between Lys 38 in H1 and Glu 299 in H7 is observed in the very beginning of

the GluT1 simulation (Fig. 4 and Supplementary), as it remains in the IF. While in the occluded

conformation the salt bridge tries to reform. Additional salt-bridge forming residues have been

observed and appear to be directly involved in allowing GluT1 to move into the OF conformation,

the ICH provides the cytoplasmic gating by moving into a position to interact with both H5 and

H11. By forming two very strong salt bridges with H5 and H11 (Glu 243 and Arg 153, Glu 247

and Arg 400) (Supplementary Information), this allows for the ICH to remain locked into position.

From this stability we observe the interhelical angles between H5-H11 to exhibit the same angular

change of about 15-20 degrees during the transitions between IF and OF conformations.

GlpT, on the other had, has the strongest correlation between the local events (i.e., salt bridge

formation/disruption) and global conformational changes (interhelical angle changes). The inter-

bundle salt bridges seem to play an important role in the transport mechanism of MFS transporters;

however, the exact location and the exact function of these salt bridges make it quite difficult to

draw any conclusion on this issue. The interbundle salt bridges seem to stabilize the IF confor-

mation in all three proteins and the IF-OF transition seems to require the disruption of this salt

bridge. The OF state, however, may or may not be associated with the presence or absence of the

salt bridge.

Water Accessibility at Cytoplasmic and Peripliasmic Gates

Figure 5 depicts the change in water count along the protein pore and the average water count at

the cytoplasmic and periplasmic gates of GkPOT from the different stages of the equilibrium and

nonquilibrum simulations. Fig. 5 (A-B) shows the comparison of the water along the protein pore

when in the IF and OF conformations both before and after the nonequilibrium simulation. The
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comparison between the two states shows a much broader degree of the water at the cytoplasmic

side of the protein, this attributed to GkPOT remaining IF the entirety of the unbiased simulation.

While the OF conformation from the post unbiased simulation shows a water profile that has wa-

ter both at the cytoplasmic and periplasmic sides. We attribute this profile to the overall function

of GkPOT and the ability to accommodate different substrates in different binding orientations,

which would account for a slightly ”leaky” bottleneck at both gates. This observation is furthered

by panels (C-E). The average water at the periplasmic gate trends above the average water found

at the cytoplasmic gate during the nonequilibrium and continues to remain greater during the post

nonequilibrium simulation. Admittedly, (E) only represents the first 100ns of the simulation, how-

ever (B) is the water profile from all 200ns of unbiased equilibration.

GluT1 (Fig. 6) exhibits similar water profiles to that of GkPOT. GluT1 transitions very quickly

to an OCC conformation within the first few nanseconds of the simulations and is indicated in

the water profiles of Fig. 6 (A-B). Water profiles from different stages of the equilibrium simu-

lations showing the increase in water found at the extracellular gate are indicated in C-D. It can

be seen that the average water along the pore in the GluT1 when in the OF conformation is very

comparable to that of the OF conformation of GkPOT. The average water counts at the intra- and

extracellular gates are also shown as the full 700ns time series and also shown at different time

intervals after the GluT1 has transitioned to the OF conformation Fig.6 (E-H). There is clear sep-

aration in the amount of water present at the extracellular gate in both simulation sets (E-H). The

extracellular gate appears to close briefly for Set 2 (Fig.6 H) but reverts back as the protein is trying

to stabilize in the OF conformation at time 550 ns. The water profiles and time series of the water

counts at both the peri-/extra- and cytoplasmic/intracellular gates furthers the alternating-access

mechanism in both GkPOT and GluT1. Although we do not observe GluT1 transition back to-

wards the IF conformtation in the two sets of simulations, the trends indicated in Figures 5 and 6

shows that proteins do not open at either side of the membrane at the same time and suggests the

conformational changes of the apo proteins follow ideal gating modes.
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Conclusions

We have employed equilibrium and nonequilibrium all-atom MD simulations of GkPOT, GluT1,

and GlpT. Through this study we have demonstrated a thorough comparison of the conformational

dynamics of the three different classes of MFS transporters; i.e., symporters, uniporters, and an-

tiporters, with emphasis placed on the simulation of the apo protein.

The three systems (classes) of MFS transporters examined are quite different in terms of the

timescale of the IF-OF transition; however, we observe various similarities between the three sys-

tems including the involvement of specific TM helices that undergo rotational changes along the

transition pathways. These include, the H1/H7 helices which are involved in periplasmic/extracellular

gating and the H5/H11 helices, involved in cytoplasmic/intracellular gating. Additionally, these

three systems contain an interbundle salt bridge that forms between the H1 and H7. The formation

of these interbundle salt bridge stabilizes these three systems of MFS transporters in the IF state.

Admittedly, there are notable differences between these three systems including: (1) the smaller

change of
〈
H1,H7

〉
angle in GkPOT as compared to GluT1 and GlpT, (2) the larger change of〈

H5,H11
〉

angle in GluT1 as compared to GkPOT and GlpT, and (3) the formation of the interbun-

dle salt bridge in the OF state for the GkPOT protein as compared to GluT1 and GlpT.

The presented study provides a detailed picture of the similarities and differences associated

with the IF↔OF conformational transition of three transporters from three distinct classes of MFS

superfamily. If combined with similar simulations in the presence of physiologically relevant

substrates and cotransported species, the reported simulations could provide a full description of

transport cycles of MFS transporters.
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Conclusion

We have described a combination of multiple MD based techniques that allows for a rigorous

characterization of energetics and kinetics of large-scale conformational changes in proteins. The

methodology is based on biased, nonequilibrium collective variable based simulations including

nonequilibrium pulling, string method with swarms of trajectories, bias-exchange umbrella sam-

pling, and rate estimation techniques. By developing this effective methodology, we have shown

that, although this methodology was performed on the membrane transporter protein GlpT, this

methodology can be effective tool at describing conformational transitions in various other systems

as well. The overall approach remains the same, there is a requirement for a strong understanding

of the conformational change that the protein undergoes. Next, the employment of nonequilib-

rium work relations by defining collective variables that accurately describe the conformational

change and optimizing the specific pulling parameters that induce the conformational change with

least amount of nonequilibrium work (the derived pathway is the much more energetically favored

pathway for the protein conformational change). Path optimization and sampling have shown to be

effective tools at further characterizing the conformational change of proteins. This methodology

or specific aspects of the methodology were employed for the comparative analysis that was con-

ducted to induce and characterize the conformational transitions of the two classes of homologous

proteins presented here. The first class of proteins were the SARS-CoV-1 and SARS-CoV-2 spike

proteins and the second class being the three MFS transporters GluT1, GkPOT, and GlpT.

By employing the methodology presented here, we have demonstrated that the SARS-CoV-1

and SARS-CoV-2 spike proteins exhibit differential dynamic behavior by characterizing the large-

scale conformational changes associated with the active-to-inactive transition pathways using bi-

ased molecular dynamics simulations. More specifically, the transition pathways were first deter-

mined through the use of SMD, further refined by employing two sets of SMwST, and effectively

sampled the transition pathways using BEUS to determine the associated free energy barriers along

the pathways. The amount of detail provided here will allow for the testing of various experiments

and even the trapping of specific intermediate states along the transition pathways.
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The study performed here primarily sheds light on the conformational dynamics of the SARS-

CoV-1 and SARS-CoV-2 spike proteins. While differences in the dynamic behavior of these spike

proteins almost certainly contribute to differences in how transmissible or infectious each could

be, factors such as spike protein glycosylation and the behavior of other viral proteins must be

considered in order for a more complete hypothesis to be determined, additional experimental

and computational studies are required in order to investigate the differential infectivity and trans-

missibility of SARS-CoV-1 and SARS-CoV-2. Our simulations provide valuable insight into the

dynamic behavior of the CoV-1 and CoV-2 spike proteins in regards to the active to inactive confor-

mational transition pathway. However, having performed simulations using the non-glycosylated

spike proteins of CoV-1 and CoV-2, it has been hypothesized that the glycan chains could play an

important role in the conformational change in the RBD [1, 2].

The three classes of MFS transporters examined here are shown to be quite different in terms

of the timescale of the IF-OF transition. We do, however, observe various similarities between the

three systems including the involvement of specific TM helices that undergo rotational changes

along the transition pathways. These include, the H1/H7 helices (periplasmic/extracellular gat-

ing) and the H5/H11 helices (cytoplasmic/intracellular gating). Additionally, these three systems

contain an interbundle salt bridge that forms between the H1 and H7. The formation of these inter-

bundle salt bridges have been known to stabilizes MFS transporters in the IF state. We observe a

difference in the location in the interdomain saltbridge for GluT1. The residue pairings are consis-

tent with the same helices, H1/H7, but the part of the helices where this saltbridge forms is on the

extracellular side of the protein, unlike GkPOT and GlptT where the saltbridge forms in the central

transmembrane domain. Furthermore, there are a number notable differences between these three

systems when comparing the interhelical angles between H1/H7 and H5/H11, with GkPOT having

a less pronounced rotational change between H1 and H7 than GluT1 and GlpT. All three proteins

undergo a similar degree of rotational change between H5/H11. The presented study provides

a detailed picture of the similarities and differences associated with the IF↔OF conformational

transition of three transporters from three distinct classes of MFS superfamily.
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Supplementary Material for Atomic-level characterization of the conformational transition
pathways in SARS-CoV-1 and SARS-CoV-2 spike proteins
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Figure S1: SMwST set 1: Global conformational changes of the CoV-1 spike protein RBD-
S2 center of mass distance and C-α RMSD of the active protomer. The reference structure for
RMSD is an equilibrated strutcure prior to SMD. Each line represents a completed iteration of
the SMwST simulations and each point is the average value of the 20 copies for each image. 125
iterations were conducted.

Figure S2: SMwST set 1: Global conformational changes of the CoV-2 spike protein RBD-
S2 center of mass distance and C-α RMSD of the active protomer. The reference structure for
RMSD is an equilibrated structure prior to SMD. Each line represents a completed iteration of
the SMwST simulations and each point is the average value of the 20 copies for each image. 200
iterations were conducted.
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Figure S3: SMwST set 2: Global conformational changes of the CoV-1 spike protein RBD-
S2 center of mass distance and C-α RMSD of the active protomer. The reference structure for
RMSD is an equilibrated structure prior to SMD. Each line represents a completed iteration of
the SMwST simulations and each point is the average value of the 20 copies for each image. 120
iterations were conducted.
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Figure S4: SMwST set 2: Global conformational changes of the CoV-2 spike protein RBD-
S2 center of mass distance and C-α RMSD of the active protomer. The reference structure for
RMSD is an equilibrated structure prior to SMD. Each line represents a completed iteration of
the SMwST simulations and each point is the average value of the 20 copies for each image. 200
iterations were conducted.
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Figure S5: ACE2 Accessibility ACE2 Accessibility three-point angle composed of residues
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the average value of the 20 copies for each image and the error bars are defined by the standard
deviation of the 20 copies for each image. The upper and lower limits are defined by Peng et
al. indicating the degree of RBD activation upon which ACE2 is accessible for binding with the
receptor binding motif (RBM) of the active protomer.
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Figure S6: Minimum salt-bridge donor-acceptor distance of key residues for CoV-1 Mini-
mum salt-bridge distance between the donor and acceptor atoms of key residues along the transi-
tion pathway. Each point is the average value of the 20 copies for each image.

86



2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) D843B-K529A

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) D839B-K528A

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) E132B-R355A

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) E471A-K113B

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) D405C-R408A

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) E484A-K528B

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) D198B-K462A

0 10 20 30 40 50 60 70 80 90 100
Image Index

2

6

10

14

18

22

26

30

Sa
ltb

ri
dg

e 
D

is
ta

nc
e 

(Å
) D427A-K986C

Figure S7: Minimum salt-bridge donor-acceptor distance of key residues for CoV-2 Mini-
mum salt-bridge distance between the donor and acceptor atoms of key residues along the transi-
tion pathway. Each point is the average value of the 20 copies for each image.
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Supplementary Material for Conformational Transition Pathways in Major Facilitator
Superfamily Transporters
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Figure S1: GluT1 minimum donor-accept distance measurements between key
inter-bundle salt-bridge forming amino acids in both simulation sets. (A-B) K38
and E299. (B-C)

Nonequilibrium Pulling (NEP) Simulations

Optimizing the NEP protocol on UP-E310:Apo GKPOT

We considered N-terminal (helices 1-6) and C-terminal (helices 7-12) regions of POTs for the NEP
simulations and ignored HA (residues 225-250) and HB(residues 258-280).

For the NEP simulations involving the unprotonated-E310:apo form of GKPOT we have used
the 140ns equilibrated structure as the starting structure for NEP simulations
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Table S1: Various NEP protocols tested on the UP-E310:apo form of GKPOT

Index Force Simu. Work
Constant(K) Time(ns) (kcal/mol)

1,7

10,000 5 200
10,000 20 142
10,000 100
5000 20 120
4000 20 115
3000 20 100
2000 20 72
1000 20 53
500 20 28

1,8 10,000 20 175
1,9 10,000 20 14

1,11 10,000 20 190
1,12 10000 20 170
2,8 10,000 5 230
2,8 10,000 20 205
3,9 10,000 5 13
3,9 10,000 20 6

5,11 10,000 20 180
5,11 10,000 5 225
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Table S2: Various NEP protocols tested on the UP-E310:apo form of GKPOT

Index Force Simu. Work
Constant(K) Time(ns) (kcal/mol)

6,12 10,000 5 240
6,12 10,000 20 160
7,2 10,000 20 190
7,3 10,000 20 140
7,4 10,000 20 140
7,5 10,000 20 132

7,6
10,000 20 155
10,000 100

4,5,11 10,000 20 215

1,7,2,8

10,000 20 300
10,000 100
5000 20 230
5000 100
4000 20 250
3000 20 225
2000 20 180
1000 20 120

1,7,3,9 10,000 20 180

1,7,5,11 10,000 20 225

3,6,9,12 10,000 20 180
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Figure S2: Optimizing the 1,7 colvars on UP:Apo GkPOT.
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Figure S3: Comparing the helix-1 and helix-7 colvars combinations on UP:Apo GkPOT.

 0

 50

 100

 150

 200

 250

 300

0 4 8 12 16 20

W
o

rk
 (

k
c
a
l/

m
o

l)

Time(ns)

K=1000
K=2000
K=3000
K=4000
K=5000

K=10000

Figure S4: Application of 1,7,2,8 colvars on UP:Apo with different force constants.
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