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ABSTRACT

Understanding the folding mechanisms of membrane proteins through molecular

simulations and energy landscape analysis

by

Wei Lu

The folding mechanisms of membrane proteins are notoriously hard to determine,

due to the multiple events involved in the folding process. In recent years, the de-

velopment of single molecule techniques has opened the door to studying individual

folding events experimentally. However, even in these single molecule experiments the

structural details underlying the observed transitions can only be inferred. Similar

to E. coli as a model organism, rhomboid protease GlpG is typically used to study

membrane protein. Previous single molecular experiments have suggested that GlpG

has an anomalously low thermodynamic stability. By performing molecular simu-

lations and energy landscape analysis, we showed that the seemingly low stability

was due to the presence of folding intermediates. Our finding was confirmed by a

subsequent experimental study by the same experimental group, where our predicted

intermediates were observed. On the technique side, we developed our next generation

simulation package: OpenAWSEM and Open3SPN2. OpenAWSEM achieves orders

of magnitude of speedup with GPU compared with single core CPU, and enables

rapid prototyping force fields with automatic derivative calculations.
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Illustrations

2.1 Free energy landscape underlying GlpG’s folding and

insertion into a bilayer under low applied force

(Top) Two-dimensional free energy landscape at low applied force as

a function of Z, the average of the z-coordinates of the Cα atoms, and

D, the distance between the N-terminus and C-terminus of GlpG.

Relative free energies are indicated with colors in units of kT , where

blue indicates a low free energy and red indicates a high free energy.

A folding path is shown as a purple line drawn from a highly extended

state (Z ≈ −10, D ≈ 250) to the folded state (Z ≈ −3, D ≈ 37).

Two metastable (I1 and I2) states are present at intermediate values

of D and values of Z that are more negative than the average Z of

the folded state. (Bottom) One-dimensional free energy profile along

the path shown in the top panel as a function of D. A red

double-headed arrow that is 50 in length is shown between N and I1.

This distance corresponds to the end-to-end distance change during

the rate-limiting step of refolding at low force. The first metastable

state, I1, is about 6.5kT less stable than the folded state. I2 is about

9kT less stable than the folded state. Three locations (α, β, and γ)

on the path near the transition state (TS) are also indicated.

Representative structures from I1, α, β, and γ are shown in

Figure 2.2. Representative structures for I2 are shown in Figure 2.4. . 24
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2.2 Structural mechanism of the rate-limiting step of refolding

at low force

Progression of folding is shown from top to bottom. The structure

labels (I1, α, β, γ, and TS) are the same as those used in Figure 2.1.

The structure of GlpG is colored according to sequence index from

red (N-terminal, TM1) to blue (C-terminal, TM6). TM1 is red, TM2

is yellow, TM3 is yellow-green, TM4 is green, TM5 is light blue, and

TM6 is dark blue. For each state, several representative structures

are aligned and overlayed. Translucent panels are shown to indicate

the locations of the upper and lower bilayer interfaces. In I1, TM5-6

are on the bilayer interface. As folding proceeds, TM5 and then TM6

are pulled into the bilayer and fold onto TM1-4. . . . . . . . . . . . . 25
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2.3 Free energy landscape underlying GlpG’s unfolding and

extraction from a bilayer under high applied force

(Top) Two-dimensional free energy landscape at high applied force as

a function of Z, the average of the z-coordinates of the Cα atoms, and

D, the distance between the N-terminus and C-terminus of GlpG.

Relative free energies are indicated with colors in units of kT , where

blue indicates a low free energy and red indicates a high free energy.

An unfolding path is shown as a purple line drawn from the folded

state, N, (Z ≈ −3, D ≈ 37) to the unfolded state, U (Z ≈ −17,

D ≈ 270). (Bottom) One-dimensional free energy profile along the

path shown in the top panel as a function of the end-to-end distance,

D. Representative structures from TS and I1 are shown in Figure 2.2.

Representative structures from I2, U1, and U2 are shown in

Figure 2.4. Under these high force conditions, the folded state is

metastable and is separated by a large barrier from the first

intermediate state, I1. The barriers separating the intermediate

states I1, I2, and U are significantly smaller than the barrier between

N and I1. At this particular value of the applied force, the completely

extended state U2 is slightly higher in free energy than U1, which has

TM1-2 inserted in the membrane but unfolded (see Figure 2.4). At

larger values of the applied force, U2 becomes the global free energy

minimum. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26
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2.4 Representative structures of GlpG at high values of D, the

end-to-end distance

The structure labels (I2, U1, and U2) are the same as those used in

Figure 2.3. The structure of GlpG is colored according to sequence

index from red (N-terminal, TM1) to blue (C-terminal, TM6). TM1

is red, TM2 is yellow, TM3 is yellow-green, TM4 is green, TM5 is

light blue, and TM6 is dark blue. The helices are also labeled with

text. For each state, several representative structures are aligned and

overlayed. Translucent panels are shown to indicate the locations of

the upper and lower bilayer interfaces. In I2, TM3-6 are on the

bilayer interface and TM1-2 are inserted and folded. In U1, TM1-2

are unfolded but still inserted in the bilayer. In U2, none of the

helices are fully inserted into the bilayer. For clarity, all of the

structures have been aligned, but only a single location of the upper

and lower bilayer interfaces are shown. Therefore, particularly for

structures that are difficult to align such as those in U2, the locations

of the bilayer interfaces relative to the structures should be

considered approximate. . . . . . . . . . . . . . . . . . . . . . . . . . 27

2.5 Functional form of f(rij) given in Equation 2.18 The orange

line is a spline fit to the data obtained from [1] for two 5

inclusions embedded in a DMPC bilayer. . . . . . . . . . . . . 47

3.1 Protocol for structure prediction using AWSEM-Template and

all-atom refinement. . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
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3.2 Summary of the coarse-grained structure prediction results for eight

proteins with different sequence identities to their templates. From

left to right, the prediction targets are T0251, 1MBA, T0815, T0833,

T0792, T0784, T0803, and T0766. Q, a measure of structural

similarity, is plotted on the y-axis. The maximum Q values obtained

during the AWSEM annealing simulations without template

information (blue diamonds) and the AWSEM-Template annealing

simulations (red diamonds) are plotted along with the Q values of the

blindly selected AWSEM-Template structures (red squares). Blind

selection of structures typically yields structures that are within

≈ 0.1 Q units of the best sampled structure. For comparison, the

maximum Q values obtained from annealing simulations using a

Hamiltonian having only the template bias and backbone geometry

constraints are drawn in green diamonds. . . . . . . . . . . . . . . . 74
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3.3 Prediction quality and consistency for each of the eight structure

prediction targets during the coarse-grained prediction step. Red

diamonds correspond to AWSEM-Template predictions and blue

diamonds correspond to AWSEM predictions without template

information. Green diamonds correspond to predictions using a

model that has only template information to guide tertiary structure

prediction and lacks the transferable energy terms in the standard

AWSEM model (Vcontact, Vburial, and VHB). In each case, the Q values

of the lowest energy structures from the 20 annealing simulations are

plotted in ascending order. The alignments of the best sampled

structures (those sampled structures that have the highest Q value)

from the AWSEM-Template annealing simulations with the

corresponding X-ray crystal structures are shown on the right side of

each panel. The predicted structures are shown in red and the X-ray

crystal structures are shown in white. Below the structures, several

accuracy metrics are given including the Q value, the RMSD value,

and the CE-RMSD value along with the percentage of aligned

residues in the CE alignment [2]. . . . . . . . . . . . . . . . . . . . . 76

3.7 Soft constraints from templates guide the folding of T0792 toward a

native-like state. Free energy profiles of T0792 as a function of Q are

shown using different models: AWSEM without template information

(blue circles), AWSEM-Template with soft constraints (red circles),

and AWSEM-Template with strong constraints (yellow circles). . . . 81
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3.8 Expectation values of energy terms in the AWSEM-Template model

as a function of Q for the protein T0792. The expectation values are

shown for several different models: AWSEM without template

information (blue circles), AWSEM-Template with soft constraints

(red circles), and AWSEM-Template with strong constraints (yellow

circles). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.4 Comparison of initial and refined structures of each protein. Left:

Three dimensional alignment of initial, refined, and native structures.

The initial structure (red) and the refined structure with the

maximum Q value (blue) are aligned to the native structure (white).

Middle: The contact maps comparing the initial and native structures

(upper left) and comparing the refined and native structures (lower

right). The contact maps are calculated based on the Cα atoms with

the cut-off distance of 9.5 Å. Hollow black squares are native

contacts. Filled red squares are false-positive contacts. Filled green

squares are false-negative contacts. Right: Changes in the incorrectly

predicted contacts during refinement. Here, hollow symbols indicate a

decrease and filled symbols indicate an increase. The upper left

corner shows the change of false-positive contacts, with red hollow

squares indicating the loss of a false-positive contact and red filled

squares indicating the gain of a false-positive contact. The lower right

corner shows the changes in false-negative contacts, with green hollow

squares indicating the loss of a false-negative contact and green filled

squares indicating the gain of a false-negative contact. . . . . . . . . . 86
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3.5 The change of accuracy of side-chain packing during atomistic

refinement. The accuracy was calculated for (A, “bAccuracy”) the

residues whose normalized solvent accessible surface areas are less

than 0.2 in the X-ray crystal structure and (B, “sAccuracy”) the

residues whose normalized solvent accessible surface areas are greater

than 0.5 in the X-ray crystal structure. The accuracy was evaluated

based on the side-chain dihedrals χ1 (blue) and χ2 (orange) of each

residue. The average (solid line) and standard deviation (shadow)

were calculated over a total of 10 independent refinement simulations. 87

3.6 The number of minimally frustrated and highly frustrated

interactions as a function of time during the all-atom refinement

simulations. The average number of minimally frustrated interactions

during the 10 all-atom refinement simulations is shown as a function

of time in green for all prediction targets. The average number of

highly frustrated interactions is shown in red. The standard

deviations of these quantities are indicated with errorbars. For

comparison, the number of minimally frustrated and highly frustrated

interactions present in the corresponding crystal structures are shown

as solid horizontal lines. . . . . . . . . . . . . . . . . . . . . . . . . . 88
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4.1 Benchmark timing results for AWSEM simulations with the

LAMMPS and the OpenMM implementations on a linear

scale (left) and on a log scale (right). The x-axis is the number

of residues in the proteins that are being simulated. The y-axis shows

the number of computer hours needed to run a 1 million-step

simulation. Each protein was simulated 5 times using each

implementation. The lines are quadratic fits. The simulation protein

set was chosen to have a wide range of protein sequence lengths

ranging from 164 residues to 3724 residues. . . . . . . . . . . . . . . . 98

4.2 Benchmark timing results for 3SPN2 simulations with the

LAMMPS implementation of 3SPN2 and the OpenMM

implementation of 3SPN2 on a linear scale (left) and on a

log scale (right). The x-axis is the number of nucleotides in the

DNA that is being simulated. The y-axis shows the number of

computer hours that are needed to run a 1 million-timestep

simulation. Each DNA length was simulated 5 times using each

implementation. The lines are quadratic fits. The DNA lengths range

from 110 nucleotides to 1580 nucleotides. . . . . . . . . . . . . . . . . 99

4.3 Benchmark results for AWSEM-3SPN2 simulations of

protein-DNA complexes using the LAMMPS and the

OpenMM implementations of both forcefields on a linear

scale (left) and on a log scale (right). The x-axis shows the PDB

ID. The y-axis shows the computer hours needed to simulate for 1

million steps. Each complex was simulated 5 times using each

implementation. The protein length ranges from 52 nucleotides to

2050 amino acids, while the DNA length ranges from 2 to 40

nucleotides. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100
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4.4 A scatter plot of the interaction energy between the DNA

and the protein versus the fraction of the symmetrized

native contacts formed at each time frame during the last

7.5 million steps of simulations from 10 runs. The average

energy as a function of the number of symmetrized native

contacts is indicated with blue line. A simulation snapshot

showing the overlap of the crystal structure (colored in red)

and the predicted structure (colored in cyan) that has the

lowest interface energy. There is a high correlation between the

protein-DNA interface energy and the number of symmetrized

contacts, indicating that the binding process is funneled to the

correct interface. The overlap figure was created by aligning only the

protein parts of the crystal structure and the predicted structure. We

see that the DNA in both structures turns out to be aligned quite

well, showing good structural agreement between the lowest energy

simulated structure and the experimental structure. . . . . . . . . . . 114

4.5 A schematic figure for the Z-dependent contact potential

The residues outside of the membrane, where the membrane

boundary is indicated by the two colored lines, interact using the

globular parameters. The residues inside the membrane interact using

the membrane-optimized parameters. If one residue is inside, while

another one is outside, the pair interacts as if they both were in

water. In the heat maps on the left side of the figure, red color

indicates a favorable interaction between the pair of residues

indicated on the horizontal and vertical axes, whereas blue color

indicates an unfavorable interaction. Separate heat maps are shown

for the direct, low-density, and high-density interaction matrices in

the water (globular) and membrane environments. . . . . . . . . . . . 115
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4.6 Structure prediction results using the three contact

potential schemes evaluated using Qwater (left) and Qmem

(right). Qwater measures the structural similarity to the native

structure using only the residues that are outside of the membrane,
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those residues found inside the membrane. The closer the similarity

score is to 1.0, the more native like is the prediction. The hybrid

potential in general performs better than either the pure globular

protein model or the pure membrane model. . . . . . . . . . . . . . . 116

4.7 Overlay of the native structures and the best Qwater and
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Chapter 1

Introduction

1.1 Motivation

In the late 1950s [4], Anfinsen observed that completely denatured proteins (ribonu-

clease A) could spontaneously refold to the functional state with the lowest Gibbs

free energy. This observation led to the establishment of the thermodynamic hypoth-

esis, also known as the Anfinsen’s dogma, which states that the native structure of a

protein in its natural environment is determined entirely by the protein’s amino acid

sequence. In other words, the structural information of a protein is entirely stored in

its amino acid sequence. With the development of the crystallization techniques [5]

that provides a static view of the proteins in their native states, and the development

of sequencing techniques, deciphering the language of amino acid quickly became an

captivating task. Over the years, huge progress has been made in predicting crystal

structures of proteins from their amino acid sequences, highlighted by the recent suc-

cess of AlphaFold2 in CASP14. However, under physiological conditions, no protein

is static. A static structure is insufficient to tell how the protein performs its func-

tion, and to know whether there are intermediate structures that greatly affect the

folding kinetics. For example, a single mutation usually has no effect on the crystal

structure, but could have significant effects on the function and folding kinetics. A

W136A mutant of rhomboid protease GlpG has almost the identical structure as the

native one, but its proteolytic activity is reduced and has a negative phi value in
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kinetic measurement [6, 7, 8]. Therefore, to capture a fuller picture of the folding and

dynamics of a protein, a complete understanding of the underlying energy landscape

for the protein is necessary.

1.2 Energy landscape theory

Soon after Anfinsen’s experiments, Levinthal [9] showed that it is impossible to find

the lowest free energy state within a physiological timescale by sampling all the possi-

ble states. For a protein with 100 residues, each configuration state is determined by

the the phi, psi angles of the backbone and the rotamers of the side chains. Assume

each residue can only take 5 possible configurations, the number of total states will be

5100, and since it will take more than 1 fs for a protein to sample one state, the time to

sample all states will be greater than 1054 seconds, or 1047 years. Therefore, it is ap-

parent that proteins fold by not sampling every possible states with equal probability.

Energy landscape theory developed by Wolynes and others [10, 11, 12, 13, 14, 15, 16]

is a statistical theory that describes protein folding in a quantitative way. The folding

of a protein is an interesting and delicate balance between the energy loss around 100

kT and the entropy loss on the same order, so the final free energy difference between

the folded state and the unfolded state is much smaller [14]. Even when the protein is

completely folded, protein functions by having other metastable states. For example,

when myoglobin is completely folded and binds to oxygen, there are still multiple

distinct conformational substates [10].
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1.3 Computational methods for modeling and analysis of pro-

tein structures and dynamics

"Computational methods" is a broad term. It includes principle component analysis

(PCA) for visualizing high dimensional data, frustration analysis for detecting bind-

ing sites, and more computational demanding methods such as molecular dynamics

simulations, for the prediction of protein structure and protein dynamics. Here we

focus on molecular dynamics simulations.

1.3.1 Molecular Dynamics

"What I cannot create, I do not understand", a quote from Richard Feynman, cap-

tures the gist of molecular dynamics simulations. We design a Hamiltonian that

dictates the movement of particles. Guided by this Hamiltonian, the simulated pro-

teins could always fold to their native structures from random polypeptide chains.

By doing so, we understand the folding of protein and only then, we could confidently

modify the system, such as changing the temperature or applying external forces, and

interpret the consequences of our modifications.

All-atom Simulation

A major branch of molecular dynamics is all-atom simulation. All-atom simulation

has a long history with the initial development of all-atom force fields starts in the

1970s. The design of all-atom force fields generally follows a bottom up approach

with the idea of effectively solving the Schrodinger equations while dramatically re-

ducing the computational cost. The logic behind this approach dates back even

further. In 1929 [17], Paul Dirac wrote "The underlying physical laws necessary for
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the mathematical theory of a large part of physics and the whole of chemistry are

thus completely known, and the difficulty is only that the exact application of these

laws leads to equations that are much too complicated to be soluble." If a small

system can be modeled accurately by an all-atom force field, then this force field

could be used to model a much larger system that is inaccessible to the quantum

mechanics (QM) methods. Since its initial development, all-atom force fields has

been improved substantially with better match to the QM results and lead to many

exciting findings [18, 19]. The value of the all-atom computational approach in un-

derstanding complex chemicla systems has been recognized by the 2013 Nobel prize

in Chemistry. I will briefly describe some of the all-atom force fields that have been

widely used [20, 21, 22, 23, 24]. The functional form of the all-atom forces are similar,

with harmonic bonds for the local interactions, and coulomb force and Lennard-Jones

modeling the van der Waals for the nonbonded force. As an example, the OPLS force

is given by

E =
∑
i<j

[qiqje
2/rij + 4εij(σ

12
ij /r

12
ij − σ6

ij/r
6
ij)]fij

+
∑
bonds

Kr(r − req)2 +
∑
angles

Kθ(θ − θeq)2

+
∑

dihedrals

[
V1
2

(1 + cosφ) +
V2
2

(1− cos2φ)

+
V3
2

(1 + cos3φ) +
V4
2

(1− cos4φ)]

(1.1)

. Many years of work have been dedicated to find the best values for the constants in

these equations for a large portion of the chemical space including protein and drug-

like molecular. Recent work has focused on modeling intrinsically disordered protein

(IDPs) requiring a more accurate placement of charge and partial charges [23, 21].

Those enhancements, along with the simultaneous improvement on the modeling of
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water and lipids [24], further improve the range of problems that can be studied by

the all-atom simulations.

Coarse-grained Simulation

While people commonly believe that all-atom forcefields are more accurate than

coarse-grained forcefields, depicting every detail in the simulations may not always

achieve the best result. Just like the airplanes do not have feathers even though the

airplane is inspired by birds, and artificial neural networks work better with a simple

rectifier than with the sigmoid function even though the real neural networks in our

brains use a brain signal that is more similar to the sigmoid function[25]. Mimicking

every details of the protein may not be the best way to characterize or study proteins.

The laws of physics that govern protein folding could be inferred without modeling

every atom in the system. Just like putting feathers onto the airline won’t make

the airplane fly better, adding every atom in the system doesn’t necessarily means

the simulation will be more accurate. Also, with more atoms in the system, there is

a good chance that local minima will make the sampling problem even worse in all

atom simulations.

Bottom up approach[26]

1.3.2 Monte Carlos

Rosetta is a commonly used Monte Carlos method for protein structure prediction

and various other tasks [27, 28, 29]. There are two main steps in a typical Rosetta

structure prediction simulation. In the first step, the protein is initialized in a coarse

grained representation with random torsion angles. Fragments of size from 3 to 9

residues are sampled based on their similarity to the target sequence. Each time a
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fragment is sampled, there is a probability that the torsion angle of the protein’s

corresponding region will be updated to be more similar to the torsion angle in the

sampled fragment. If such change cause a collision, that two atoms in the protein

collide with each other, then just update is rejected. This updating of the torsion

angles based on fragment is continues until the overall protein structure is converged.

Then, in the second step, structures are evaluated based on the long range interaction,

and the packing of the secondary structure, and optionally, after all-atom structure is

rebuilt from the coarse grained structure, a more detailed all-atom force field is used

to evaluate and select the structures.

1.3.3 Deep Learning

Deep learning refers to using a neural network that has many more layers than the

original neural networks that only had one to two layers. The development of the

deep learning facilitates the development of tools for efficient automatic differentiation

and backpropagation. Backpropagation measures the effect of a tiny change in one

parameter on the final loss function, which indicates how far the result produced

by current set of parameters away from the desired result. Even though the theory

behind automatic differentiation and backpropagation is simply the chain rule, various

packages like PyTorch and TensorFlow have reduced the computation of the derivative

and the backpropagation of very complex nonlinear functions to just a few lines of

code. These tools greatly expand our tool box, so nowadays, we could focus on

the design of an energy function that is able to mimic the nature the best without

worrying about how to compute its derivative, which could be time consuming and

error prone if implemented manually. An early attempt on using deep learning to do

molecular dynamics is TorchMD [30]. Although this field is still in its early stages,
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a few important features are still lacking, for example, neighbor list is not efficiently

implemented. Although molecular dynamics with deep learning is not as mature as

the traditional molecular dynamics packages like OpenMM and LAMMPS, I believe

it’s future is promising.

1.4 Parameter Optimization

Energy landscape theory developed by Wolynes and others offers a rigorous but also

intuitive way of optimizing the parameters of a coarse-grained force field. Proteins

that can fold without the help of other auxiliary proteins have a relatively smooth

energy landscape. Therefore, the goal of parameter optimization is to find a set of

parameters for the designed Hamiltonian, in our case, the AWSEM force field, such

that those self-assembling proteins could also fold to the same structure in simulation.

To put this idea into practical optimization protocol, we firstly choose an objective

function Z as the energy difference between the native energy Enative and the molten

globular energy Emg divided by the standard deviation of the molten globular energy

σmg. A large Z indicates the native structure is energetically favored over molten

globular structures. We can then decompose the total energy as a linear combination

of individual terms ψi and their corresponding weights γi. These weights are the

parameters that we want to optimize. A note here is that the individual terms could

be a complex nonlinear functions that depend on the amino acid types of interacting

particles, and the distance between them.
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Z = (Emg − Enative)/σmg (1.2)

Emg = 〈
∑
i

ψiγi〉mg =
∑
i

〈ψi〉mgγi =
∑
i

ψ̄iγi (1.3)

Enative =
∑
i

ψinγi = ψnγ (1.4)

σmg =
√
V ar(Emg) =

√
〈(
∑
i

γi(ψi − ψ̄i))2〉mg (1.5)

=

√
〈
∑
i

∑
j

γiγj(ψiψj − ψ̄iψj − ψiψ̄j + ψ̄iψ̄j〉mg (1.6)

=

√∑
i

∑
j

γiγj(〈ψiψj〉mg − ψ̄iψ̄j) (1.7)

=

√∑
i

∑
j

γiγj(〈ψiψj〉mg − 〈ψi〉mg〈ψj〉mg) (1.8)

we can simplify the formula by defining,

Ai = 〈ψi〉mg − ψin (1.9)

Bi,j = 〈ψiψj〉mg − 〈ψi〉mg〈ψj〉mg (1.10)

, then, we could write Z as

Z =
Aγ√
γBγ

(1.11)

, maximizing Z is the same as maximizing Aγ under the constraint that
√
γBγ is

a constant. We also impose another constraint that the average decoy energy is a

constant c. Emg = A′γ = c, assuming A′i = 〈ψi〉mg. Using Lagrange multiplier, we

can define

F = Aγ − λ1
√
γBγ − λ2A′γ (1.12)
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, setting partial γ and equal 0, we get

∂F

∂γ
= A− λ∗1Bγ − λ2A′ = 0 (1.13)

, after rearrangement,

A− λ2A′ = λ∗1Bγ (1.14)

γ =
1

λ∗1
B−1(A− λ2A′) (1.15)

, let λ∗1 = 1,

A′γ = A′B−1(A− λ2A′) = c (1.16)

λ2 =
1

A′B−1A′
(A′B−1A− c) (1.17)

,

By curating a good set of decoy and native structures, we can compute the A

vector, B matrix, and then directly compute the parameters γ. Since there is matrix

inversion, B−1, we need to be careful, to remove the noisy eigenvalues.

1.5 Free energy analysis

The partition function for the canonical ensemble is

QNV T =
1

N !

1

h3N

∫ ∫
dpNdrNexp(−H(pN , rN)

kBT
) (1.18)
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, where N is number of atoms. The Helmholtz (constant Temperature and volume)

free energy F is

F = −kBT lnQ = kBT lnQ
−1 = kBT ln(

1

N !

1

h3N

∫ ∫
dpNdrN

1

Q
) (1.19)

= kBT ln(
1

N !

1

h3N

∫ ∫
dpNdrNexp(+

H(pN , rN)

kBT
)
exp(−H(pN , rN)/kBT )

Q
) (1.20)

= kBT ln(
1

N !

1

h3N

∫ ∫
dpNdrNexp(+

H(pN , rN)

kBT
)ρ(pN , rN)) (1.21)

= kBT ln(

∫ ∫
dpNdrNexp(+

H(pN , rN)

kBT
)ρ(pN , rN)) + constant (1.22)

where 1
N !

1
h3N

∫ ∫
dpNdrN = 1, ρ(pN , rN) = exp(−H(pN ,rN ))/kBT

Q
. This equation indicates

that the high energy regions also contribute to the free energy, therefore, the results

for F will be poorly converged using traditional molecular dynamics or Monte Carlo

simulations. The energy landscape is a complex high dimensional object that is hard

to visualize and analyze. A typical solution is to select a few meaningful reaction

coordinates and find the free energy profile along these reaction coordinates. In

this low dimensional free energy profile (usually 1-d or 2-d), all the other degrees of

freedom are averaged out, and we call this free energy profile the potential of mean

force (PMF). To get an accurate estimate of the free energy profile along the chosen

reaction coordinates, we need to sample the whole configurational space as much as

possible with the limited computational resources available to us. But for a canonical

ensemble, there is a low probability to reach the high energy region, or those regions

with small entropy at high temperature[31]. There are two common solutions to this.

Umbrella sampling method adds a biasing potential that constrains the simulation to

only sample a specific configuration space that corresponding to a region in the chosen

reaction coordinate. Another is replica exchange, in which multiple simulations are

carried out at different temperatures, and interchange the thermal bath every fixed

number of steps with a probability set by the temperature difference. Both methods
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enhanced the sampling of region that hard to sample without biasing. But since they

are biased simulations, and in the end, we want to have the free energy profile for the

unbiased system at one temperature. A commonly used method to combined biased

simulations is described below.

1.5.1 Weighted Histogram Analysis Method (WHAM)

Detailed derivations of the Weighted Histogram Analysis Method (WHAM) have been

provided in multiple papers [32, 33, 34, 35]. Here we provide the ’operational form’

of the WHAM first, and then provide a sketch of a derivation based on minimizing

the variance of the estimated unbiased probability [36]. In WHAM,we discretize the

reaction coordinate into bins. Let pij be the estimate of the biased probability in the

j-th bin along the reaction coordinate in the i-th simulation.

pij = ficijp
o
j (1.23)

, fi is a normalizing constant such that
∑

j pij = 1. fi also has a physical meaning as

the ratio between the partition function for the unbiased and partition function for the

biased simulation. fi = Zunbiased/Zbiased, and β−1i logfi is the Helmholtz free energy

different between the i-th simulation and a unbiased simulation. cij is the biasing

factor. cij is defined according to the type of the biased simulation. For umbrella

sampling, cij = exp(−βVi(xj)) where xj is the reaction coordinate, and Vi is the

biasing potential applied in simulation i. For replica exchange, cij = exp(−(βi−β0)Ej)

where βj is the temperature for simulations at temperature Tj that βj = 1
kBTj

. The

optimal estimate of the unbiased probability poj is

poj =

∑S
i=1 nij∑S

i=1Nificij
(1.24)
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, where S is the number of simulation, nij is the number of counts in histogram bin j for

simulations i, and Ni is the total number of samples generated by the i-th simulation.

The normalizing constant fi can be computed from the following equation:

f−1i =
M∑
j=1

cijp
o
j (1.25)

, these two equations can be solved iteratively and self-consistently using some stan-

dard nonlinear optimization package.

Derivation of the WHAM equations

We want to combine those various biased simulations results in a way that produce the

optimal estimate of the unbiased probability at each bin along the reaction coordinate.

Let Ωij be the best estimate of the unbiased probability of the j-th bin using the i-th

simulation,

Ωij =
nij

Nicijfi
(1.26)

. The poj is defined as a weighted sum of Ωij:

poj =
S∑
i=1

ωijΩij (1.27)
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. We want to find the ωij (subject to the constraint
∑S

i=1 ωij = 1) that minimize the

expected variance in poj :

var(poj) = 〈(poj − 〈poj〉)2〉 (1.28)

= 〈(
S∑
i=1

ωijΩij − 〈
S∑
i=1

ωijΩij〉)2〉 (1.29)

= 〈(
S∑
i=1

ωij(Ωij − 〈Ωij〉))2〉 (1.30)

= 〈(
S∑
i=1

ωijδΩij)
2〉 (1.31)

= 〈
S∑
i=1

ω2
ij(δΩij)

2 +
S∑

k 6=l=1

ωkjωlδΩkjδΩlj〉 (1.32)

=
S∑
i=1

ω2
ij〈(δΩij)

2〉+
S∑

k 6=l=1

ωkjωl〈δΩkjδΩlj〉 (1.33)

=
S∑
i=1

ω2
ijvar(Ωij) (1.34)

=
S∑
i=1

ω2
ijvar(nij)

N2
i c

2
ijf

2
i

(1.35)

=
S∑
i=1

ω2
ijp

o
j

Nicijfi
(1.36)

, where δΩij = Ωij − 〈Ωij〉, 〈(δΩij)
2〉 = var(Ωij), and we assume simulations k and l

(k 6= l) are uncorrelated. The last equation is reached by using the poisson approx-

imation that the variance of nij is equal to Nificijp
o
j . We then can incorporate the

constraint that
∑S

i=1 ωij = 1 using Lagrange multiplier. The problem of minimizing

the variance in poj under the constraint become minimizing the unconstrained Qj,

Qj =
S∑
i=1

ω2
ijp

o
j

Nicijfi
+ λj

S∑
i=1

ωij (1.37)

, take the derivative with respect to ωkj,

∂Q

∂ωkj
=

2ωkjp
o
j

Nkckjfk
+ λj (1.38)
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, setting them to zero, we get

ωkj =
−Nkckjfk

2poj
λj (1.39)

, and put this back into the constraint,

S∑
i=1

ωij =
S∑
i=1

−Nicijfi
2poj

λj = 1 (1.40)

, we get

λj =
−2poj∑S

i=1Nicijfi
(1.41)

and

ωij =
−Nicijfi

2poj

−2poj∑S
i=1Nicijfi

=
Nicijfi∑S
i=1Nicijfi

(1.42)

, so we get

poj =
S∑
i=1

Nicijfi∑S
k=1Nkckjfk

nij
Nicijfi

=

∑S
i=1 nij∑S

k=1Nkckjfk
(1.43)

, we now get the ’operational form’ that described in the beginning. There is another

way of deriving this same result through the idea of maximum likelihood. You can

find the details about it in the reference [36].

1.6 Membrane proteins

Membrane proteins are essential to our lives. To name a few of their functions, They

transport biomolecules, convert energy, and transmit signals. Membrane proteins

account for a quarter of the human genome and are the target of more than half of

the available drugs in the market [37, 38, 39]. Membrane proteins live in the lipid

bilayer, contrast with globular proteins that live in water. This difference in their

living conditions makes it historically hard to determine the structure of membrane

proteins, but the development of Cryo-EM techniques, and other techniques in recent
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years provides lots of valuable structural information for membrane proteins at an

accelerating pace[40]. Due to their living environment of lipid bilayer, different regions

have various propensity for different residue types [41, 42]. According to the well-

known positive inside rule, arginine and lysine are more abundant in the cytoplasmic

domains compared to the periplasmic domains of bacterial membrane protein. The

membrane - water interfacial locations have a high preference of aromatic amino acids,

especially tryptophan and tyrosine. The folding of membrane proteins is commonly

believed to compose two stages [43]. In the first stage, guided by translocon or

simply by thermodynamics, newly synthesized membrane protein is embedded into

the membrane, and the protein folds inside the membrane in the second stage. Even

though it is a useful framework for thinking about membrane protein folding, this two-

stage model has not been experimentally validated. As we show in our GlpG study,

insertion and folding are not completely independent. For GlpG, the N terminal folds

before the insertion of helical hairpin of the C terminal.
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Chapter 2

Energy landscape underlying spontaneous insertion
and folding of an alpha-helical transmembrane

protein into a bilayer

2.1 abstract

Membrane protein folding mechanisms and rates are notoriously hard to determine.

A recent force spectroscopy study of the folding of an α-helical membrane protein,

GlpG, showed that the folded state has a very high kinetic stability and a relatively

low thermodynamic stability. Here, we simulate the spontaneous insertion and folding

of GlpG into a bilayer. An energy landscape analysis of the simulations suggests that

GlpG folds via sequential insertion of helical hairpins. The rate-limiting step involves

simultaneous insertion and folding of the final helical hairpin. The striking features of

GlpG’s experimentally measured landscape can therefore be explained by a partially

inserted metastable state, which leads us to a reinterpretation of the rates measured

by force spectroscopy. Our results are consistent with the helical hairpin hypothesis

but call into question the two-stage model of membrane protein folding as a general

description of folding mechanisms in the presence of bilayers.

2.2 Introduction

Transmembrane proteins mediate crucial biological processes including signaling across

membranes, selective transmission of molecules through membranes, and proteolysis
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of proteins embedded in membranes. The sequences and structures of many trans-

membrane proteins are now known. The biophysical tools for characterizing the

folding and stability of transmembrane proteins, however, are limited in comparison

to those available for studying soluble proteins. In the case of soluble proteins, these

tools have been crucial in illuminating folding mechanisms [44, 45]. Experimental as-

says developed for use on soluble proteins are often not straightforwardly applicable

to membrane proteins because bulk experiments on membrane proteins require the

presence of a bilayer or bilayer-mimicking environment to keep the highly hydropho-

bic transmembrane proteins soluble. The presence of the bilayer complicates both the

application of optical spectroscopic techniques and the modulation of the equilibrium

between the folded and unfolded states. Ultimately, the lack of tools for measuring

stabilities and kinetics of membrane proteins has shrouded in mystery the detailed

folding mechanisms of membrane proteins in their natural bilayer-like environments.

In this work, we compute the energy landscape underlying spontaneous insertion and

folding of a multipass α-helical transmembrane protein, GlpG, and thereby gain de-

tailed structural insight into its folding mechanism in the presence of a bilayer. We

validate our results by carrying out a critical comparison of our computed landscape

with the results of single-molecule experiments of Min et al. [46].

A promising method for studying the stability and folding of membrane proteins

that addresses many of the difficulties that arise as a result of the presence of the

bilayer is single-molecule force spectroscopy on transmembrane proteins embedded

in bicelles [46, 47, 48]. The first published application of single molecule force spec-

troscopy to a membrane protein in bicelles focused on the α-helical intramembrane

protease GlpG [46]. Min et al. found that GlpG unfolds cooperatively at high force

and also refolds reliably at low force. During unfolding at high force, Min et al.
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sometimes observed transient stalling at intermediate states after GlpG overcame the

main barrier to unfolding. The changes of the end-to-end distance during these sub-

global unfolding events correspond to the size of helical hairpins. By analyzing the

effect of mutations on the probability of observing these intermediate states, they

determined that the unfolding of GlpG at high force proceeds from the C-terminus

to the N-terminus. Although they were unable to observe unfolding and refolding

at a single value of the applied force, which would have allowed for a direct deter-

mination of the stability at that force, by extrapolating the unfolding and refolding

data (obtained in separate force regimes) to zero force, they were able to reconstruct

a putative zero-force free energy profile along the end-to-end distance. The inferred

landscape indicates that GlpG has a high kinetic stability (∆G†u = 21.30kT ) and a

relatively low thermodynamic stability (∆G = 6.54kT ). They also obtained distances

to the transition state from the folded state (∆x†f = 14.8) and from the unfolded state

(∆x†u = 35.6), which together indicate that the end-to-end distance change during the

rate-limiting step of refolding is 50.4. Although Min et al. did not identify a specific

structural transition that they thought gave rise to the observed end-to-end distance

during the rate-limiting step of refolding, they argued that refolding occurs as a single

cooperative step wholly within the bilayer and that this high degree of cooperativity

may be an evolved safeguard against the pathological effects of populating misfolded

or partially folded states.

In this study, we use a structure-based protein folding forcefield encoding a well-

funneled landscape [13] along with an implicit bilayer potential to model the energy

landscape of GlpG in the presence of a bilayer (Supplementary Figure 1 and Supple-

mentary Note 1). This same type of forcefield has explained GlpG’s puzzling negative

φ-values [49, 45] measured experimentally [7] that turn out to involve backtracking [8],
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i.e. breaking up native interactions in order to complete folding [50]. The implicit

bilayer model used in the present study is more elaborate than the model that was

used in the previous study of GlpG’s negative φ-values (see the Methods section for

details). To infer folding and unfolding mechanisms and to visualize the free energy

landscape both in the low applied force and high applied force regimes, we plotted

two-dimensional free energy profiles as a function of the end-to-end distance, D, and

the average z-value of the Cα atoms, Z. The folded state is found to have high kinetic

stability and low thermodynamic stability and the end-to-end distance change during

the rate-limiting step of refolding on the computed landscape agrees quantitatively

with the end-to-end distance change inferred from the unfolding and refolding experi-

ments. We also find a C-terminal-first unfolding mechanism that proceeds in a highly

cooperative manner at high force in steps corresponding to the extraction of helical

hairpins from the bilayer, as was inferred by experiment. The refolding mechanism

implied by the computed free energy landscapes, however, is quite different from that

which was presumed in the original force spectroscopy study. This reinterpretation

of the refolding mechanism, if confirmed by further experimental studies, would sub-

stantially change the meaning of the measured kinetic and thermodynamic stabilities.

The good agreement between the existing experiments and our calculations suggests

that the rate-limiting step for refolding is the simultaneous insertion and folding of

transmembrane helices 5 and 6 starting from a state with helices TM1-4 inserted and

folded. This structural mechanism of the rate-limiting step implies that the thermo-

dynamic stability inferred by the force spectroscopy experiments may correspond to

the stability of the fully folded state relative to a partially inserted metastable state

with transmembrane helices 5 and 6 remaining on the bilayer interface. These results

highlight the highly non-trivial nature of measuring transmembrane protein stability
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in bilayer environments. We find no evidence that a fully and correctly inserted but

still unfolded state is populated to any significant degree at low force as is envisioned

in the two stage folding hypothesis. The stability of the fully folded state relative

to an otherwise unfolded state with complete and correct topological insertion of the

transmembrane helices may be significantly higher than the free energy difference be-

tween the folded state and the partially inserted metastable state that was measured

by force spectroscopy.
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2.3 Results

2.3.1 A metastable non-native state is populated during refolding

Figure 2.1 shows the free energy landscape of GlpG in the presence of a bilayer

as a function of Z, the average of the z-coordinates of the Cα atoms, and D, the

distance between the two termini of GlpG (hereafter referred to as the end-to-end

distance). Conformations with all transmembrane helices inserted in the membrane

have Z values between 0 and −5. As transmembrane helices are pulled out of the

membrane, Z becomes more and more negative. D is directly comparable to the end-

to-end distances measured by Min et al.. Fully inserted and folded conformations of

GlpG have D values between 30-40. As the transmembrane helices are pulled apart,

D increases, with fully extended conformations having D values of ≈ 300.

We see in Figure 2.1 that the folded ensemble (N) has a Z ≈ −3 and a D ≈ 35. At

low applied force, the folded state is the global free energy minimum. A metastable

state with Z ≈ −6 andD ≈ 87 is also relatively low in free energy (about 6.5kT higher

than the folded ensemble). This metastable state, which we call I1 for consistency

with the notation in Min et al. [46], is separated from the folded ensemble by a high

barrier of approximately 13kT . Structures sampled from this metastable state have

TM1-4 inserted into the membrane and TM5-6 extracted from the membrane. Higher

still in free energy is I2, an ensemble having TM1-2 inserted and TM3-6 extended on

the bilayer interface.

2.3.2 The rate-limiting step of refolding is insertion of TM5-6

In order to analyze the structural mechanism of folding, we first identified a plausi-

ble, low free energy folding pathway from a highly extended state to the folded state
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(Figure 2.1, top panel). Details of how the path was determined can be found in the

Methods section. At low force, folding proceeds largely downhill from highly extended

states until I1 is reached (D ≈ 87, Figure 2.1, bottom panel). At this point, a rela-

tively large free energy barrier (≈ 7kT ) must be overcome. The rate-limiting step of

folding involves pulling TM5-6 into the membrane and folding this helical hairpin onto

TM1-4 (Figure 2.2). On either side of the barrier (at positions α and γ along the fold-

ing path as shown in Figures 2.1 and 2.2), TM1-4 are folded. The structures selected

from around the barrier peak (position β) show more variability than those on either

side of the barrier peak, indicating that GlpG must partially unfold to bring TM5-6 in

from the bilayer interface. Analyses of the expectation value of the VAMH−Go energy

term along the folding pathway (Supplementary Figure 2 and Supplementary Note 2),

the average values of structural order parameters computed for ensembles along the

folding pathway (Supplementary Table 1), and average contact maps computed for

ensembles along the folding pathway (Supplementary Figure 3 and Supplementary

Note 3) all indicate that GlpG must partially unfold when transitioning from γ to

β. This behavior is reminiscent of the backtracking seen in the detergent micelle-

mediated folding of GlpG that leads to a large number of negative φ-values [7, 8].

This final folding transition changes the end-to-end distance from D ≈ 87 to D ≈ 37,

corresponding to a change in the end-to-end distance of approximately 50.

2.3.3 Unfolding by extraction of helical hairpins from the bilayer

The free energy landscape of GlpG under high applied force is shown in Figure 2.3.

At high applied force, I1 is only weakly metastable. Once the barrier between the N

and I1 has been overcome, unfolding proceeds largely downhill from I1 and through

I2 to U, a highly extended state. The intermediate states I1 and I2 are related to
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the folded state N by successive extraction of helical hairpins from the membrane

bilayer starting from the C-terminus (see Figures 2.2 and 2.4). Only under these

high force conditions do we see a significant population of states that are both ex-

tended and partially inserted. Example of such structures at (Z ≈ −3, D ≈ 220)

are shown in Supplementary Figure 4 (see also Supplementary Note 4). Instead of

the transmembrane helices being pulled apart while adopting native-like orientations

with respect to the membrane, the commonly presumed starting point for the second

stage of membrane protein folding, these states have a non-native arrangement of

transmembrane helices with respect to the membrane. This ensemble of structures

with incorrect topology with respect to the membrane is less favorable than the en-

semble U1, which has the two most hydrophobic transmembrane helices in GlpG,

TM1 and 2, embedded in the membrane. In contrast, the ensemble at (Z ≈ −3,

D ≈ 220) has the second and third most hydrophobic helices, TM2 and 5, embedded

in the membrane at the same time that the other helices are segregated to opposite

membrane surfaces. Thus, we see that establishment of the correct orientation of the

helices in the membrane is favored over non-native alternatives even at the earliest

stages of folding and insertion.
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Figure 2.1 : Free energy landscape underlying GlpG’s folding and insertion

into a bilayer under low applied force

(Top) Two-dimensional free energy landscape at low applied force as a function of Z,

the average of the z-coordinates of the Cα atoms, and D, the distance between the

N-terminus and C-terminus of GlpG. Relative free energies are indicated with colors

in units of kT , where blue indicates a low free energy and red indicates a high free

energy. A folding path is shown as a purple line drawn from a highly extended state

(Z ≈ −10, D ≈ 250) to the folded state (Z ≈ −3, D ≈ 37). Two metastable (I1

and I2) states are present at intermediate values of D and values of Z that are more

negative than the average Z of the folded state. (Bottom) One-dimensional free energy

profile along the path shown in the top panel as a function of D. A red double-headed

arrow that is 50 in length is shown between N and I1. This distance corresponds to

the end-to-end distance change during the rate-limiting step of refolding at low force.

The first metastable state, I1, is about 6.5kT less stable than the folded state. I2 is

about 9kT less stable than the folded state. Three locations (α, β, and γ) on the path

near the transition state (TS) are also indicated. Representative structures from I1,

α, β, and γ are shown in Figure 2.2. Representative structures for I2 are shown in

Figure 2.4.
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Figure 2.2 : Structural mechanism of the rate-limiting step of refolding at

low force

Progression of folding is shown from top to bottom. The structure labels (I1, α, β, γ,

and TS) are the same as those used in Figure 2.1. The structure of GlpG is colored

according to sequence index from red (N-terminal, TM1) to blue (C-terminal, TM6).

TM1 is red, TM2 is yellow, TM3 is yellow-green, TM4 is green, TM5 is light blue,

and TM6 is dark blue. For each state, several representative structures are aligned

and overlayed. Translucent panels are shown to indicate the locations of the upper

and lower bilayer interfaces. In I1, TM5-6 are on the bilayer interface. As folding

proceeds, TM5 and then TM6 are pulled into the bilayer and fold onto TM1-4.
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Figure 2.3 : Free energy landscape underlying GlpG’s unfolding and ex-

traction from a bilayer under high applied force

(Top) Two-dimensional free energy landscape at high applied force as a function of

Z, the average of the z-coordinates of the Cα atoms, and D, the distance between the

N-terminus and C-terminus of GlpG. Relative free energies are indicated with colors

in units of kT , where blue indicates a low free energy and red indicates a high free

energy. An unfolding path is shown as a purple line drawn from the folded state, N,

(Z ≈ −3, D ≈ 37) to the unfolded state, U (Z ≈ −17, D ≈ 270). (Bottom) One-

dimensional free energy profile along the path shown in the top panel as a function of

the end-to-end distance, D. Representative structures from TS and I1 are shown in

Figure 2.2. Representative structures from I2, U1, and U2 are shown in Figure 2.4.

Under these high force conditions, the folded state is metastable and is separated

by a large barrier from the first intermediate state, I1. The barriers separating the

intermediate states I1, I2, and U are significantly smaller than the barrier between N

and I1. At this particular value of the applied force, the completely extended state U2

is slightly higher in free energy than U1, which has TM1-2 inserted in the membrane

but unfolded (see Figure 2.4). At larger values of the applied force, U2 becomes the

global free energy minimum.
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Figure 2.4 : Representative structures of GlpG at high values of D, the

end-to-end distance

The structure labels (I2, U1, and U2) are the same as those used in Figure 2.3. The

structure of GlpG is colored according to sequence index from red (N-terminal, TM1)

to blue (C-terminal, TM6). TM1 is red, TM2 is yellow, TM3 is yellow-green, TM4

is green, TM5 is light blue, and TM6 is dark blue. The helices are also labeled

with text. For each state, several representative structures are aligned and overlayed.

Translucent panels are shown to indicate the locations of the upper and lower bilayer

interfaces. In I2, TM3-6 are on the bilayer interface and TM1-2 are inserted and

folded. In U1, TM1-2 are unfolded but still inserted in the bilayer. In U2, none of the

helices are fully inserted into the bilayer. For clarity, all of the structures have been

aligned, but only a single location of the upper and lower bilayer interfaces are shown.

Therefore, particularly for structures that are difficult to align such as those in U2,

the locations of the bilayer interfaces relative to the structures should be considered

approximate.
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2.4 Discussion

The barriers for transitions between N and I1 in our computed landscapes are some-

what smaller than those that were measured in the force spectroscopy experiments

of Min et al.. For example, under conditions where N is 6.5kT more stable than I1,

the barrier to unfolding was measured to be 21kT by force spectroscopy, whereas the

corresponding value in our computed landscape is 13kT . Energetic quantities are ex-

pected to be less robust with respect to the parameterization of the simulation model

than are the structural geometric quantities associated with folding transitions, such

as the contact probabilities in transition states (i.e., φ-values) and end-to-end dis-

tance changes upon insertion and folding of helical hairpins. Although we currently

lack the detailed biophysical studies that would be necessary uniquely to determine

optimal model parameters for the implicit membrane model, it is notable that we

were unable to find any set of forcefield parameters that gave a free energy landscape

that would be consistent with the two-stage picture of membrane protein folding.

While developing the current implicit membrane model, all preliminary tests that we

performed that involved increasing or decreasing the strength of individual energy

terms by between ten and one hundred percent compared to the values given in the

Methods section failed to produce a landscape having folded and unfolded states that

were completely inserted into the membrane but that were nevertheless approximately

equal in free energy and also separated by a significant barrier. The structural details

of the folding and unfolding mechanisms shown in Figures 2.1-2.4 appear to be largely

determined both by the native structure of GlpG and by the presence of a bilayer.

In the absence of more detailed measurements and careful calibration of simulation

model parameters, obtaining quantitatively accurate barrier heights in the presence

of bilayers, however, will apparently require a combination of experimentation and
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theory. Analyses both of the expectation values of the energy terms in the current

forcefield and of the effects of perturbing the strengths of these terms on the free en-

ergy landscape are given in Supplementary Figures 2 and 5 (see also Supplementary

Note 2).

Due to the high kinetic stability of GlpG in a bicelle, in order to observe the unfold-

ing of folded GlpG on reasonable timescales in the laboratory, the free energy of the

transition state must be lowered significantly relative to that of the folded state. Be-

cause the transition state has an end-to-end distance that is close to that of the folded

state (within 15), a relatively large force must be applied. Applying this force has the

effect of tilting the entire landscape and heavily favoring highly extended states in

free energetic terms. We note that a back-of-the-envelope calculation suggests that a

change in the applied force of 5pN (the difference between the two force regimes used

to measure folding and unfolding rates in the force spectroscopy experiments of Min et

al.) is expected to change the relative free energy by 30kT of two states that differ in

extension by 250 (such as I1 and U) at 300K. The largest value of the force that was

used to measure refolding rates in the study by Min et al. was 7 pN. The lowest value

of the force that was used to measure unfolding rates was 12 pN. We see on the basis

of our back-of-the-envelope calculation that this seemingly small gap between the two

force regimes that were employed gives rise to large changes in the relative free energy

of near native states versus highly extended states. In particular, the highly extended

states are expected to be quite high in free energy throughout the force range that

was used to measure refolding rates, consistent with what we see in our computed free

energy profiles. These considerations alone suggest that the unfolded state reached at

high applied force would likely not be the same as the starting point for refolding at

low force. The fact that the force spectroscopy measurements indicate that there is a
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large difference in the changes of the end-to-end distance during high force unfolding

(> 200) and low force refolding (≈ 50) means that there are structural differences

between the unfolded state that is favored at high force and the unfolded state that

is favored at low force. This fact raises the question, “Is the unfolded state favored

at low force simply a more generically compact version of the unfolded state favored

at high force, or can a specific partially folded structure account for this difference?”

The answer to this question has important implications for the interpretation of the

rates measured and stability inferred by force spectroscopy. In the current study,

we have identified I1, the state with TM5-6 on the bilayer interface, as the starting

point for refolding at low force. Our simulation results suggest that the thermody-

namic stability inferred by experiment is, therefore, not the relative stability of the

folded and completely unfolded states but, instead, reflects the relative stability of N

and I1. According to the steric trapping experiments in detergent micelles [51], the

C-terminal half of GlpG indeed has a lower stability than the N-terminal half. The

stability measured by force spectroscopy in bicelles (≈ 6.5kT ) is closer to the stability

measured by steric trapping for the C-terminal half of GlpG (TM4-6, ∆G ≈ 8.0kT )

than for the N-terminal half (TM1-3, ∆G ≈ 9.8kT ). The stability of N with respect

to U may be significantly higher than was initially inferred by force spectroscopy.

The high kinetic barrier separating N and I1, the origin of which was unclear within

the two-stage picture of membrane protein folding, is now seen to be associated with

the simultaneous insertion and folding of TM5-6 from the bilayer interface in the

folding direction and the unfolding and extraction from the bilayer in the unfolding

direction. GlpG has, in recent years, become a heavily studied model system of trans-

membrane protein folding and stability [52, 7, 46, 8, 51, 53, 54]. These studies have

provided unprecedented detail regarding the folding of a transmembrane protein in a
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variety of conditions. Nonetheless, measuring membrane protein stability and deter-

mining detailed folding mechanisms in the presence of bilayers have remained major

challenges. The results of the current study highlight the highly non-trivial nature of

measuring membrane protein stability and folding mechanisms in bilayer-like environ-

ments. The broken translational and rotational symmetries and high kinetic barriers

induced by the presence of the bilayer support a multitude of potentially metastable

partially folded states that reduce the cooperativity of folding and complicate the

very definition of stability. In this case, only by reanalyzing sensitive single-molecule

experiments in light of detailed simulations were we able to arrive at a satisfactory

structural explanation for the striking character of the energy landscape inferred by

experiment.

The importance of the helical hairpin as a unit of membrane protein structures and

folding mechanisms was posited by Engelman and Steitz in 1981 [55], four years be-

fore the first three dimensional structure of a transmembrane protein was solved [56].

In 1999, Booth and Curran [57], when thinking specifically about the case of in vitro

spontaneous refolding of Bacteriorhodopsin, suggested two possibilities for the rate-

limiting step of refolding. One of the mechanisms that Booth and Curran put for-

ward in 1999 involves pre-formation of the N-terminal part of Bacteriorhodopsin and

a rate-limiting step of cooperative insertion and folding of the two C-terminal helices

as a helical hairpin, exactly as we see here for GlpG. Unfortunately, because Bacteri-

orhodopsin has an odd number of transmembrane helices and, therefore, has its two

termini on opposite sides of the membrane in the folded structure, the force spec-

troscopy experiments performed recently on GlpG are not straightforwardly possible

on Bacteriorhodopsin. To our knowledge, in the subsequent two decades since Booth

and Curran published their speculations, it has not been resolved whether or not in-
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sertion of the C-terminal hairpin is rate-limiting for Bacteriorhodopsin during in vitro

refolding. Booth and coworkers have recently probed co-translational folding of GlpG

into membranes in the absence of the translocon using infrared spectroscopy [53], a sit-

uation that is somewhat analogous to the situation explored in the force spectroscopy

refolding experiments of Min et al. The infrared spectroscopy experiments suggest

that, while GlpG is being translated, helices form, these helices insert into the mem-

brane, and some tertiary structure forms. The infrared spectroscopy measurements

themselves cannot differentiate between helix formation signals coming from different

transmembrane helices, but Booth and coworkers suggest, based on the observation

that helices TM1-2 of GlpG are significantly more hydrophobic than other pairs of

helices in GlpG, that the first transmembrane helices to insert into the membrane are

likely to be TM1-2. These observations and inferences by Booth and coworkers are

consistent with the folding mechanism described above in the Results section.

The translocon has for some time been thought of as a protein conducting channel

that co-translationally guides newly synthesized hydrophobic polypeptides into or

across the membrane. The most commonly presumed structural mechanism is that

hydrophobic transmembrane helices are inserted into the translocon channel and exit

through a dynamic lateral gate. In light of the refolding mechanism found for GlpG in

this work, it is interesting to consider the new view of translocon-mediated insertion

put forward by Cymer et al. in 2014 [58]. This new view starts from the well-

established facts that newly synthesized transmembrane helices have a high affinity

for and close proximity to the membrane interface and goes on to suggest that, instead

of transmembrane helices entering the translocon pore and later being ejected from

the lateral gate, the translocon could serve primarily as a catalyst that facilitates the

membrane crossing of polar loops that connect pairs of transmembrane helices as the



33

transmembrane helices slide along the outside of lateral gate without ever actually

entering the translocon pore. This sliding mechanism has shown up in theoretical

models of translocon-assisted transmembrane helix insertion that are in harmony with

experimental observations of integral membrane protein topology [59, 60, 61]. When

the energy cost of inserting a helical hairpin into the membrane is not sufficiently offset

by the energy gain of insertion of a highly hydrophobic helical hairpin and formation

of strong native contacts (as is the case for TM5-6 in GlpG, which are only modestly

hydrophobic and have relatively few native contacts with each other in the folded

structure of GlpG), then a large barrier results and spontaneous insertion and folding

becomes slow. Our current results suggest that refolding of GlpG would proceed

reliably and rapidly from a bilayer interface-associated state to the fully folded state

in the presence of a catalyst for inserting helical hairpins, a role that could be filled

in vivo by the translocon without the need for transmembrane helices to ever directly

enter the translocon channel, as suggested by Cymer et al.. Whether or not a catalyst

would be required to ensure proper folding of GlpG in vivo is a quantitative question

having to do with the barrier height that limits refolding (≈ 15kT according to the

force spectroscopy experiments) and the rates of other processes taking place in the

cell, such as aggregation and degradation, that might interfere with the completion

of folding.

The two-stage model of transmembrane protein folding, wherein membrane pro-

tein folding occurs, at least conceptually, in two distinct stages of insertion and helix

packing, was put forward by Popot and Engelman in 1990 [43]. While very useful as a

thermodynamic and conceptual model of the way membrane proteins might fold, the

validity of the two-stage model as a general kinetic description of the way membrane

proteins fold in the presence of bilayers has been largely untested. The present simu-
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lations along with their harmony with experiment suggest that folding and insertion

are coupled at every step of GlpG folding into a bilayer. Determining whether or not

the in vivo folding mechanism of GlpG is essentially a translocon-catalyzed version

of the in vitro mechanism or, instead, follows a two-stage model in which insertion

entirely precedes folding will require further experiments and simulations.

The idea that the lowest free energy non-native state of a transmembrane protein

in a bilayer is a partially inserted state has significant implications for our under-

standing of transmembrane protein evolution, degradation and design. The study

of membrane protein quality control and degradation is only in its infancy, but it

is already becoming clear that transmembrane helix hydrophobicity, independent of

folded structure stability, is an important factor in determining the degradation rate

due to the fact that soluble proteases must dislocate the transmembrane helices from

the membrane in order to perform the degradation [54]. In order to avoid becoming

unfolded and risking degradation, membrane protein sequences must therefore evolve

to both fold and remain stably inserted in the membrane after being inserted into

the membrane by the translocon. Structural knowledge of the lowest free energy non-

native states can be useful for informing protein design algorithms. The emerging

picture of metastable partially inserted states of membrane proteins may prove use-

ful for informing membrane protein design algorithms through the explicit negative

design against such states.

Since the publication of the force spectroscopy experiments on GlpG [46], the

same method has been applied to a designed α-helical transmembrane protein with

4 transmembrane helices [48] and a large chloride transporter, ClC, that has a com-

plex topology and two independently metastable subdomains [47]. In the case of the

designed transmembrane protein, unfolding occurs cooperatively in a single step and
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refolding after force-induced unfolding was found to be reliable and to occur in two

steps. By summing the stabilities inferred via measuring the folding and unfolding

rates for both steps, a total stability of ≈ 13kT was determined. The simple and

symmetric topology involving the lateral association of two helical hairpins provides

a plausible structural rationale for the observation of two step refolding. Whether

or not the intermediate and unfolded structures involve extraction of helical hairpins

from the membrane or simply dissociation of the helices in this case is not known. A

comparison given in [48] of the stability per helix between the designed transmem-

brane protein (≈ 3.4kT per helix), GlpG (≈ 1.4kT per helix), and Bacteriorhodopsin

(≈ 2.9kT per helix, measured by steric trapping [62]) suggests that GlpG has a signifi-

cantly lower stability per helix than the other two proteins do. In light of the results in

this study, however, if one distributes GlpG’s apparent stability over just two helices

(TM5 and 6) instead of six transmembrane helices, the stability per helix of GlpG

rises to ≈ 2.7kT , which is approximately equal to the stability per helix that was

reported for Bacteriorhodopsin based on steric trapping experiments. Force-induced

unfolding of ClC [47] occurs in 3 steps, the first of which is the reversible dissociation

of the two subdomains. The subsequent two steps correspond to unfolding of the two

subdomains. This mechanism is consistent with the proposed evolutionary history of

ClC, which is thought to involve the evolution of two independently stable domains

that were subsequently fused together. When attempting refolding from the force-

induced unfolded state, it was found that only a small fraction (≈ 11%) of refolding

attempts lead to successful and complete refolding. When compared to the reliable

refolding found for GlpG [46] and the designed transmembrane protein [48], these lat-

est results on ClC suggest that transmembrane proteins with more complex topologies

become deeply trapped in topologically non-native states upon spontaneous refolding
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from the interface. Without being able to measure refolding rates, the stability of

ClC could not be determined. During refolding, including in refolding attempts that

apparently result in non-native topologies, ≈ 100 compactions were observed. The

cooperative insertion of multiple transmembrane helices seems a likely explanation

for these observations, but confirmation of this hypothesis and a determination of the

non-native topologies formed during refolding await more detailed experimental and

theoretical studies.
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2.5 Methods

2.5.1 Combined protein-implicit bilayer forcefield

The structure-based forcefield used in this study is a variant of the forcefield used to

study soluble proteins [63] that has been modified for use with membrane proteins [8].

The same structure-based forcefield used in the present study was previously used in

a prior study to elucidate the origin of the puzzling preponderance of GlpG’s negative

φ-values [49, 45] when GlpG is folded in mixed detergent micelles [7, 8]. Refolding in

micelles turns out to involve backtracking [50], which gives rise to negative φ-values.

φ-values are measured experimentally by comparing the change in the apparent stabil-

ity of the transition state (by measuring changes in folding rates) to the change in the

stability of the folded state upon making a mutation. GlpG’s negative φ-values arise

from mutations that both decrease the stability of the folded state and increase the

folding rate by allowing more facile backtracking. In [8], it was shown that the large

number of negative φ-values found for GlpG folding in micelles could be attributed

to a multi-step folding mechanism that involves breaking and eventually reforming

an interface while proceeding in the folding direction (backtracking). This folding

complexity was also shown to be partially attributable to GlpG’s modular structure

and also to the high degree of conformational entropy in the micellar unfolded state.

The implicit bilayer potential used in the present study is substantially more

elaborate than the implicit bilayer potential used previously for membrane protein

structure prediction [64, 65] and in the analysis of the micelle-mediated GlpG fold-

ing [8]. In addition to containing a residue type-dependent membrane burial term,

the current version of the implicit bilayer potential includes a term orienting each

helix and a lipid-mediated interaction between pairs of helices [1]. The orientation
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term favors alignment of each transmembrane helix with the membrane normal, since

such conformations only minimally disrupt to the lipid bilayer’s natural liquid crys-

talline ordering. Transmembrane helices, as inclusions in the membrane, induce local

fluctuations in the density of lipids in the surrounding bilayer. Interaction of these

density fluctuations induced by two helices leads to a pairwise non-monotonic effec-

tive interaction between the helices [1]. For DMPC, the lipid used to form bicelles in

the experiments of Min et al., this interaction is repulsive at pair-distances between

10 and 25 and is attractive at shorter distances for inclusions that are the size of

transmembrane helices. All of the terms in the implicit bilayer potential switch off

smoothly when going from the transmembrane region to the extramembrane region,

which is important for modeling folding and unfolding events that are coupled to

insertion and extraction of transmembrane helices, a key aspect of the current study.

The total potential energy function used to simulate the GlpG-bilayer system is

given in Equations 2.1-2.2.

Vtotal = VSBM + Vbilayer (2.1)

Vbilayer = Vburial + Vorientation + Vhelix−pair (2.2)

In Equation 2.1, VSBM is a structure-based model describing the direct interactions of

the protein chain with itself and Vbilayer is an implicit bilayer potential that describes

the influence of the bilayer on the protein. Each term is described in the following

sections and in the manuscripts we reference.

2.5.2 Structure based protein model

The structure-based model used to describe the direct interactions of the protein

chain with itself is based on a model that was previously used to study the folding
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mechanisms of soluble proteins [63] and that was subsequently modified for use with

α-helical transmembrane proteins [8]. Equation 2.3 shows the different terms in VSBM .

VSBM = Vcon + Vchain + Vχ + Vrama + Vexcl + VAMH−Go (2.3)

In Equation 2.3, the backbone terms Vcon, Vchain, Vχ, Vrama, and Vexcl are responsible

for ensuring that the backbone adopts protein-like conformations and does not over-

lap with itself. These potentials are described in detail in the Supporting Information

of [66]. GlpG’s native secondary structure was determined using the STRIDE algo-

rithm [67, 68] and was used as input to the Ramachandran dihedral angle term, Vrama,

to provide an additional bias as described in [66]. The functional form of VAMH−Go is

given in Equations 2.4-2.9 and in the manuscript that first described the model [63].

VAMH−Go = −1

2

∑
i

|Ei|p (2.4)

Ei =
∑
j

εij(rij) (2.5)

εij(rij) = −
∣∣∣ ε
a

∣∣∣1/p Θ
(
rc − rNij

)
γij exp

[
−
(
rij − rNij

)2
2σ2

ij

]
(2.6)

a =
1

8N

∑
i

∣∣∣∣∣∑
j

γijΘ
(
rc − rNij

)∣∣∣∣∣
p

(2.7)

σij = |i− j|0.15 (2.8)

γij =


γshort, if |i− j| < 5.

γlong, otherwise.
(2.9)

In Equation 2.4, the sum runs over all Cα and Cβ atoms i, and Ei is the energy of

atom i. In Equations 2.4 and 2.6-2.7, p is a non-additivity exponent. In this study

and in the previous analysis of GlpG folding [8], a value of p = 1 was used, resulting

in a pairwise additive model. In Equations 2.5 and 2.6, rij is the distance between
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the atoms i and j and rNij is the corresponding distance in the native structure. ε is a

scaling factor. In this study a value of ε = 0.8kcal/mol was used. Θ is the Heaviside

function, and a cutoff of rc = 7 between atoms was used to define native contacts.

σij is a sequence separation-dependent interaction well width, whose precise form is

shown in Equation 2.8. a is a normalization constant, and N is the total number of

residues (N = 181 for GlpG). γij are interaction weights that depend on the sequence

separation, |i− j|. For this study and for the previous study of GlpG folding [8], we

have set γshort = 1.0 and γlong = 0.5 such that the local-in-sequence (helical) contacts

are strengthened relative to the non-local-in-sequence contacts. The practical effect

of this tuning of the model is that helices are very stable and tend not to break even

when the tertiary structure of the protein unfolds, which is an appropriate description

of GlpG’s transmembrane helices when they are embedded in detergent micelles [7]

and, presumably, also when they are embedded in lipid bilayers without very strong

external forces being imposed. At forces exceeding 15 pN, Min et al. did observe a

helix-to-coil transition [46] after unfolding. According to the model of GlpG’s folding

and unfolding mechanisms described here, the helices would be on the interface and

partially exposed to solvent after unfolding. The helices in the current simulation

model do not break even at forces sufficient to globally favor the fully unfolded state

(see Fig. 4 in the main text). This is probably due, at least in part, to the fact that,

unlike the other terms in the protein-bilayer described below, the strengths of the

interactions in VAMH−Go are not taken to be z-dependent. One would expect that,

due to the larger number of potential hydrogen bonding partners available in the

aqueous phase, helices would be easier to unravel once they had been extracted from

the bilayer, but the current model does not take this effect into account. As a result,

the values of D for the intermediate and unfolded states in Fig. 3 of the main text are
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all somewhat lower than the changes in the end-to-end distances measured during the

unfolding transitions at 21 pN by Min et al. [46] would suggest. This feature of the

model is not expected to significantly influence the refolding mechanism at low force

because refolding only occurs at a significant rate when the applied force is below the

force at which the helix-coil transition would be seen.

2.5.3 Structure and sequence of the GlpG construct

The native distances used as input for the structure-based model were taken from a

structure of GlpG’s transmembrane domain (residues 91-271) and, for the sequence-

dependent potential energy terms, the sequence was the wild type sequence taken

from the same structure (PDB ID: 2XOV).

2.5.4 Transmembrane helices of GlpG

There are 6 transmembrane helices in GlpG (TM1-6). The residue ranges used in

the current study are the same as those denoted in the force spectroscopy study of

Min et al. [46]: TM1: 94-114, TM2: 147-168, TM3: 171-192, TM4: 200-217, TM5:

226-241, TM6: 250-269. GlpG’s two interfacial helices in the large loop, L1, are

not considered transmembrane helices for the purposes of Vorientation and Vhelix−pair,

though, like all residues, the residues in L1 do have a sequence-dependent membrane

burial preference through Vburial.

2.5.5 Perturbation to uniform AMH-Go interaction strengths

Upon initial examination of the free energy profiles as a function of D and Z, the

inferred folding path indicated that folding and insertion would proceed downhill at

low values of the applied force, which would be in obvious contradiction to the force
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spectroscopy measurements. Structural analyses of the basins along the low free

energy folding pathway revealed, however, that the apparent lack of a barrier was

due to the existence of several near-native ensembles overlapping the transition state

in their (D,Z) values. Details of these near-native ensembles and an analysis of the

free energy landscape using an alternative set of order parameters can be found in the

Supplementary Information (Supplementary Figures 6 and 7 as well as Supplementary

Notes 5 and 6). Using perturbation theory to preferentially enhance the stability of

the N-terminal part of GlpG by 20% helped to clarify the folding pathway in (D,Z)

space. We emphasize that the choice of a 20% perturbation is not arbitrary but is

a value quantitatively consistent with measurements of subglobal stabilities of GlpG

by steric trapping, which indicate that the N-terminal half of GlpG is more stable

than the C-terminal half [51]. The resulting energy landscape that includes the 20%

perturbation recapitulates all of the major observations of the force spectroscopy

study.

The molecular dynamics simulations were performed using a model with uniform

contact interaction strengths for VSBM , with the only variation arising from the se-

quence separation dependence. It is important to note, however, that in computing

the free energy landscapes shown in Figures 2.1 and 2.3, the strengths of interactions

within the N-terminal 4 helices of GlpG (TM1-4, residues 91-217) were increased

by 20% over the uniform values and perturbation theory was used to compute the

profiles (see Section 2.5.14 for a discussion of the free energy calculations using the

MBAR method). This introduction of nonuniformity was motivated by the known

fact that the N-terminal half of GlpG is more stable than the C-terminal half [51].

The uniform model itself generates several ensembles of structures (see Supplemen-

tary Figure 6 and Supplementary Note 5) that overlap the transition state in (D,Z)
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coordinate space but that are not structurally intermediate between I1 and N . These

partially folded states involve separating TM1 from TM2-6 or separating TM1-3 from

TM4-6. Increasing the strength of the interactions in TM1-4 by 20% has the effect of

raising the apparent height of the barrier along the folding path in (D,Z) space by

disfavoring these partially folded states that are actually in the native kinetic basin

but overlap the I1→ N transition state in (D,Z) coordinate space. Whether or not

the apparent stability of these partially folded near-native states is an incorrect re-

sult arising from the assumption that native contacts have equal weights or whether,

in fact, they actually are populated in experiment and could be detected by more

sensitive experiments at very low applied force remains an open question.

2.5.6 Switching function for implicit bilayer potentials

All parts of the implicit bilayer potential switch off smoothly near the interfaces of

the intramembrane region (−15 < z < 15) and extramembrane regions (z < −15 or

z > 15). The switching function, Θ, is given in Equation 2.10.

Θ(zi, zm) =

{
1

2
tanh [km(zi + zm)] +

1

2
tanh [km(zm − zi)]

}
(2.10)

In Equation 2.10, i is the residue index, km = 0.2−1 is a parameter that controls the

distance over which the switching occurs, and zi is the z-coordinate of the Cα atom

of the residues participating in the interaction (or z-coordinate of the center-of-mass

of the Cα atoms within a helix for the helix-pair potential). zm is the value of z at

which Θ = 0.5.

2.5.7 Single-residue membrane burial term

To account for the relative preferences of different amino acid types for occupying

either the interfacial or the transmembrane regions of the bilayer, we use a single-
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amino acid type Ala Arg Asn Asp Cys Gln Glu Gly His Ile

∆Gwater−octanol (kcal/mol) 0.5 1.81 0.85 3.64 -0.02 0.77 3.63 1.15 0.11 -1.12

amino acid type Leu Lys Met Phe Pro Ser Thr Trp Tyr Val

∆Gwater−octanol (kcal/mol) -1.25 2.8 -0.67 -1.71 0.14 0.46 0.25 -2.09 -0.71 -0.46

Table 2.1 : Amino acid hydrophobicity scale used in Vburial.

residue, amino acid type-dependent membrane burial potential (Equation 4.8).

Vburial = kburial
∑
i

A(σi)Θburial(zi) (2.11)

Θburial(zi) = Θ(zi, zm = 15)

In Equation 4.8, σi is the residue type of residue i, kburial = 1, and Θburial is the

switching function given in Equation 2.10 with zm = 15. The values of A(σi) are the

amino acid hydrophobicities in the octanol scale of Wimley and White [69, 70, 71, 41].

The values of A(σi) used are given in Table 2.1.

2.5.8 Single-helix orientation term

In order to model the influence of the lipid bilayer’s liquid crystal ordering on the

orientation of transmembrane helices, we apply a cylindrical radius of gyration term,

Vorientation, to each transmembrane helix individually (Equations 2.12-2.17). The

residues included in each of GlpG’s 6 transmembrane helices are given in Section 2.5.4
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above.

Vorientation = korientation
∑
j

(
Rj
g

)2 (2.12)

Rj
g =

√∑
imi(ri − rjcm)2Θorientation(zi)∑

imi

(2.13)

Θorientation(zi) = Θ(zi, zm = 12)

ri =
√
x2i + y2i (2.14)

rcm =
√
x2cm + y2cm (2.15)

xjcm =

∑
imixi∑
imi

(2.16)

yjcm =

∑
imiyi∑
imi

(2.17)

In Equation 2.12, korientation is a scaling factor for adjusting the strength of the ori-

entation term relative to the other terms in the forcefield. In this study, a value

of korientation = 0.1kcal/mol/2 was used. Rj
g is the cylindrical radius of gyration of

helix j (Equation 2.13). In Equation 2.13, i is a residue index, the sum runs over

residues in helix j, and Θorientation is the switching function given in Equation 2.10

with zm = 12. For Vorientation, a value of zm = 12 means that helices are allowed

to penetrate about 3 into the membrane while lying perpendicular to the membrane

normal without incurring a large energy penalty. ri is the radial coordinate of atom

i in the x-y plane (Equation 2.14) and rjcm is the radial coordinate of the center of

mass of helix j in the x-y plane (Equation 2.15). Equations 2.16 and 2.17 are the

equations for the x and y coordinates of the center of mass of helix j in terms of the

x-coordinates (xi), y-coordinates (yi), and masses (mi) of the Cα atoms of residue i.
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2.5.9 Helix-pair interaction

The effect of pairwise lipid-mediated interactions between membrane inclusions has

been described by Lagüe, Zuckermann, and Roux in [1]. To model this effect, we

employ the pairwise helix-helix potential in Equation 2.18.

Vhelix−pair = khelix−pair
∑
(i,j)

f(rij)Θhelix−pair(zi)Θhelix−pair(zj) (2.18)

Θhelix−pair = Θ(zi, zm = 15)

khelix−pair is an a factor for scaling the strength of the helix-pair interaction relative

to other terms in the model. For this study, khelix−pair = 0.5kcal/mol. The f(rij) in

Equation 2.18 is a spline-fit potential to the data given in [1] for DMPC lipids and

cylindrical inclusions with 5 radii. rij is the distance between the centers of mass of

the interacting helices. Θhelix−pair(zi) is the switching function given in Equation 2.10

with zm = 15. zi and zj are the distances between the center of mass of helices i and

j and the center of the membrane along the membrane normal. The exact form of

f(rij) is given in Equation 2.19 and is plotted in Figure ??.

f = −3.7673×10−6r5ij+6.0103×10−4r4ij−3.4889×10−2r3ij+8.9378×10−1r2ij−9.4119rij+26.745

(2.19)

2.5.10 Order parameters

D is the distance between the two termini of GlpG (between the Cα atoms of residues

91 and 271). Z is the the average of the z-coordinates of the Cα atoms in GlpG. Unlike

D, Z is not an experimental observable in the force spectroscopy experiments of Min

et al.. Looking at free energy profiles in (D,Z) space allows us to gain new insights
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Figure 2.5 : Functional form of f(rij) given in Equation 2.18 The orange line

is a spline fit to the data obtained from [1] for two 5 inclusions embedded

in a DMPC bilayer.

into how the changes in these variables are related to each other during folding and

unfolding. In particular, we can see whether folding and insertion into the membrane

are coupled or whether insertion takes place prior to folding during refolding. In

the Supplementary Information, in addition to D and Z, three other structural order

parameters are used. Q is the fraction of pairwise distances between GlpG’s Cα atoms

that are within 1 of their corresponding value in the crystal structure of GlpG with

PDB ID 2XOV. DTM5−6 is the end-to-end distance of TM5-6 only. ZTM5−6 is the

average z-value of the Cα atoms within TM5-6 only.

2.5.11 Molecular dynamics simulations

Molecular dynamics simulations were run using the LAMMPS molecular dynamics

engine [72]. The Langevin integrator in LAMMPS was used with a timestep of 5fs

and a damping time of 10, 000fs. Each simulation was run for 80 million steps.

Structures and energies were saved every 4,000 steps for further analyses.
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2.5.12 Umbrella sampling

Since we were interested in comparing the landscape computed using our model with

the landscape inferred from the force spectroscopy experiments, we used umbrella

sampling along the end-to-end distance to sample GlpG conformations that range

from fully folded to fully extended, as well as at end-to-end distances between these

two extremes. The large barriers associated with extracting helices out of the bi-

layer and inserting helices into the bilayer present a challenge to obtaining adequate

sampling. To overcome this challenge, we performed temperature replica exchange

simulations for all values of the end-to-end distance sampled with umbrella sampling

(see Supplementary Figure 8 and Supplementary Note 7).

Umbrella sampling along D was performed by applying two kinds of harmonic

potentials to each terminus (Cα atoms of residues 91 and 271) of GlpG. The first

is a harmonic potential applied to both termini independently that constrains the

termini to remain close to the membrane interface. These potentials have a strength

k = 0.1kcal/mol/2, are centered at z = −17, and only apply forces in the z-direction.

The second type of harmonic potential used during umbrella sampling biases D,

the end-to-end distance, using a strength of k = 0.02kcal/mol/2. Seventy different

simulations were run, each with a different biasing center ranging from 40 to 112 in

increments of 2 and 118 to 340 in increments of 6.

2.5.13 Temperature replica exchange

For each umbrella sampling bias described above, we used temperature replica ex-

change simulations at 12 temperatures: 300K, 335K, 373K, 417K, 465K, 519K,

579K, 645K, 720K, 803K, 896K, and 1000K.
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2.5.14 Free energy calculations

Using the well-equilibrated set of GlpG conformations at all of the relevant values

of the end-to-end distance, we computed free energy landscapes as a function of the

end-to-end distance and the average z-coordinate, a key order parameter that reflects

the extent of insertion into the membrane.

Free energy calculations were performed using the pyMBAR implementation of

the MBAR algorithm [35]. The final 20 million steps of each 80 million step trajectory

at T = 373K were used as input to the MBAR algorithm. When computing the free

energy profiles shown in the Figures 2.1 and 2.3, the strength of interactions in VSBM

for pairs of residues that were both within residues 91-217 of GlpG was increased by

20%, and the MBAR algorithm was used to determine the free energy profiles using

this perturbed energy.

2.5.15 Folding pathway determination

By sampling structures along low free energy pathways between the folded and un-

folded states, we obtained a detailed picture of the structural transitions that take

place during the force-induced unfolding and spontaneous refolding of GlpG. The fold-

ing and unfolding pathways were inferred from the 2D F (D,Z) free energy profiles

by manually specifying the starting and ending points and then applying Dijkstra’s

algorithm for determining the shortest path. The edge weights were obtained from

the grid of free energies, F (D,Z), using the formula wedge = (wnodeu+wnodev)/2 where

wnodeu and wnodev are the weights of two nodes connecting the edge. The weight of

each node is given by wnodeu = eF (D,Z), where F (D,Z) is free energy at that node.

Each node is only connected to its eight nearest neighbors on the rectangular lattice

in (D,Z) space.
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2.5.16 Structure selection and alignment

Structures were chosen at states of interest along the folding and unfolding pathways

by selecting several low energy structures from those sampled within the (D,Z) co-

ordinates of interest. Alignment of the selected structures was performed using the

CEAlign algorithm as implemented in PyMol [73].

2.5.17 Calculation of free energy profiles at low and high force

To obtain free energy profiles at various values of the applied force, an energy term

proportional toD, the end-to-end distance of GlpG, was subtracted from the energy of

all samples obtained using the combined umbrella sampling and temperature replica

exchange molecular dynamics simulations described above. The total value of the

potential energy is then given by Equation 2.20.

V force
total = VSBM + Vbilayer − kforceD, kforce ≥ 0 (2.20)

The resulting new set of energies, V force
total , was then used to compute perturbed free

energy profiles using the MBAR algorithm as described above. The particular values

of the applied force used to obtain free energy profiles in the low force and high force

regimes were chosen to facilitate the comparison between the computed free energy

profiles shown below in the Results section and the free energy profiles drawn in the

manuscript by Min et al. [46]. In particular, the value of kforce for the low force regime

was chosen such that the lowest free energy non-native state was approximately 6.5kT

less favorable than the native state basin and the value of kforce for the high force

regime was chosen such that the highly extended states were approximately 10kT

more favorable than the native state basin.
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2.6 Data availability

Data supporting the findings of this manuscript are available from the corresponding

author upon reasonable request. A reporting summary for this Article is available

as a Supplementary Information file. The simulation and analysis codes underlying

Figures 1-4 are available online at

https://github.com/luwei0917/GlpG_Nature_Communication.
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Chapter 3

Template-Guided Protein Structure Prediction and
Refinement Using Optimized Folding Landscape

Force Fields

3.1 Abstract

When good structural templates can be identified, template-based modeling is the

most reliable way to predict the tertiary structure of proteins. In this study, we com-

bine template-based modeling with a realistic coarse-grained force field, AWSEM, that

has been optimized using the principles of energy landscape theory. The Associative

memory, Water mediated, Structure and Energy Model (AWSEM) is a coarse-grained

force field having both transferable tertiary interactions and knowledge-based local-

in-sequence interaction terms. We incorporate template information into AWSEM by

introducing soft collective biases to the template structures, resulting in a model that

we call AWSEM-Template. Structure prediction tests on eight targets, four of which

are in the low sequence identity “twilight zone” of homology modeling, show that

AWSEM-Template can achieve high-resolution structure prediction. Our results also

confirm that using a combination of AWSEM and a template-guided potential leads

to more accurate prediction of protein structures than simply using a template-guided

potential alone. Free energy profile analyses demonstrate that the soft collective bi-

ases to the template effectively increase funneling towards native-like structures while

still allowing significant flexibility so as to allow for correction of discrepancies be-
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tween the target structure and the template. A further stage of refinement using

all-atom molecular dynamics augmented with soft collective biases to the structures

predicted by AWSEM-Template leads to a further improvement of both backbone and

side-chain accuracy by maintaining sufficient flexibility but at the same time discour-

aging unproductive unfolding events often seen in unrestrained all-atom refinement

simulations. The all-atom refinement simulations also reduce patches of frustration of

the initial predictions. Some of the backbones found among the structures produced

during the initial coarse-grained prediction step already have CE-RMSD values of

less than 3 with 90% or more of the residues aligned to the experimentally solved

structure for all targets. All-atom structures generated during the following all-atom

refinement simulations, which started from coarse-grained structures that were cho-

sen without reference to any knowledge about the native structure, have CE-RMSD

values of less than 2.5 with 90% or more of the residues aligned for 6 out of 8 targets.

Clustering low energy structures generated during the initial coarse-grained annealing

picks out reliably structures that are within 1 of the best sampled structures in 5

out of 8 cases. After the all-atom refinement, structures that are within 1 of the

best sampled structures can be selected using a simple algorithm based on energetic

features alone in 7 out of 8 cases.

3.2 Introduction

Proteins are biopolymer chains made from a set of 20 amino acids, which are covalently

linked together by peptide bonds. As the key players in various biological functions,

proteins are very diverse in structure. A protein’s function is often directly related to

its three dimensional native structure. That protein polymers fold spontaneously to

organized structures is a remarkable physical phenomenon. The essential paradoxes
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of how proteins are able to fold have been successfully resolved by energy landscape

theory[74, 75, 76]. The fact that most globular proteins have a definite structure that

is kinetically accessible indicates that the energy landscapes of globular proteins are

largely funneled towards their native states, a fact that has come to be known as the

Principle of Minimal Frustration[77]. Distilled to mathematical form, this principle

states that the native interactions are on average stronger than the possible non-

native interactions, which leads to a funneled folding landscape for the protein that

guides the protein’s Brownian motions towards native-like configurations without

encountering many metastable traps[75]. The necessary mathematical framework

based on an analogy to spin glasses and a machine learning formalism quantifies the

concept of minimal frustration and thereby also provide algorithms to learn and to

optimize structure prediction force fields[75, 78].

A twin challenge to understanding intellectually how proteins fold, the problem

of practically predicting protein structures from sequence, has attracted much atten-

tion over the past three decades[79]. Describing proteins merely as polymers chained

by bonds, purely physicochemical approaches based on atomistic force fields should

eventually work for predicting structure from sequence, but owing to their insatiable

demand for computer time these approaches have until recently met with few successes

in de novo structure prediction. Those few successful cases are largely fast-folding

proteins whose landscapes are confirmed (after the fact) to be smoothly funneled to-

wards the native state[80, 81]. The minimal frustration principle is only satisfied by

evolved (or well-designed) heteropolymers. Recognizing this point, a recent develop-

ment in protein structure prediction uses coevolutionary information inferred from

entire families of protein sequences which have now become available from large-

scale genome sequencing[82, 83, 84, 85, 86, 87]. Strong covariation between pairs of
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residues in protein sequence families often but not always arises as a result of residue

pairs making contact in the three-dimensional native structures of the protein fam-

ily [87, 86]. Despite the presence of some false-positive signals, however, analysis of

residue covariation has proven to be very useful for structure prediction tasks.

The most practical method of protein structure prediction today relies on evolution

in a different way[76]: the construction of homology models from specific templates

that already have experimentally determined structures described in the Protein Data

Bank (PDB)[88]. The still-growing PDB database already appears to cover almost

every possible protein fold, and it is unusual for structural biologists today to reveal

new structures with novel folds[89]. For a given target sequence, homology modeling,

also termed “comparative modeling”, builds 3D structures based on these already

determined 3D structural templates. The canonical procedure of homology modeling

consists of five steps: (1) finding specific templates related to the target sequence,

(2) aligning the target sequence to the template structures, (3) building the structure

framework by copying the aligned regions or by satisfying spatial restraints from

templates, (4) constructing the unaligned loop regions, and (5) energy minimization.

MODELLER, which uses simultaneous optimization of an objective function com-

bining energies from an all-atom molecular mechanics force field along with spatial

restraints that are represented by a probability distribution function derived from

templates, has been successful in efficiently building moderate resolution models[90].

Other models, such as TASSER[91, 92] and I-TASSER[93, 94], employ distance and

contact restraints derived from templates as part of their guidance and have performed

well in Critical Assessment of Structure Predictions (CASP). While the methods out-

lined above yield accurate predictions for many proteins, in general, template-based

modeling methods are sometimes unable to produce accurate predictions for targets
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which have more than 30% sequence identity[95] with the template. The “twilight

zone” for template-based modeling refers to targets whose template has a sequence

identity of about 20-30%. For proteins in the “twilight zone”, templates can be hard to

identify in the first place and, when found, the alignments to the correctly identified

templates can be locally incorrect due to the difficulties that are inherent in align-

ing two dissimilar but nonetheless structurally related sequences. Mixed approaches

that employ template information and coarse-grained force fields that are capable of

predicting protein structure even in the absence of template information may help

to address these problems that arise when using a template from the “twilight zone”

where the target structure can actually be locally quite different from its template or

where the alignment between the target and the template is ambiguous and possibly

incorrect.

In addition to predicting protein structures from scratch, efforts have been under-

taken to further refine near-native protein structures predicted by moderate resolution

algorithms into more fully native states. The rationale for attempting refinement is

that, through the work of a large community, the current protein force fields have al-

ready been improved to the point that they now capture the funneled nature of protein

folding landscapes [96, 81]. Atomistic force fields are particularly useful for correcting

any non-physical clashes found in a predicted coarse-grained structure. Thus, they

can move the coarse-grained model structure towards its proper native configuration.

Most refinement attempts model the solvation of the initially predicted structures

in a water environment, whether implicitly[97] or explicitly[98, 99], followed by MD

simulations with a fully atomistically detailed physical force field. Several different

refinement schemes have been tested. Previously, a set of long time-scale refinement

simulations performed with the Anton machine [98] demonstrated that the refinement



57

with restraints based on the initially predicted structure generally improves the qual-

ity of that structure prediction, but, at the same time, simulating the protein motion

without employing any such restraints often allows the ensemble to drift away from

the proper native structure. In a sense, without constraints, we are asking the fully

atomistic model not only to predict the native structure but also to predict well the

folding temperature. Further studies[100] have shown that using a pipeline strategy

for structure refinement involving restrained simulations and filtering schemes can

achieve modest improvement for most of the structures in CASP refinement sets,

while, at the same time, requiring greatly reduced computational effort compared to

trying to use fully atomistic level prediction without restraints. Baker and colleagues

have recently shown that extensive sampling using a fully atomistic energy function

was able to improve the quality of the majority of homology models that had been

submitted to the CASP competition [101]. Atomistic refinement sensibly increased

the number of models that appear to be suitable for use in molecular replacement

phase determination.

One might hope that simply increasing the timescale of refinement simulations

would result in significantly improved refinements. A recent study [102], however, has

shown that only marginally better refinement is achieved even when the simulation

timescale is greatly increased. One way to work around this bottleneck may lie in

re-examining the type of restraints being implemented in the atomistic refinement.

While using harmonic distance restraints based on an initially predicted structure

has demonstrated its power [102], making the restraints too strong limits the range

of motion of protein segments and slows the exploration of the large conformational

space that still must be sampled during refinement simulations. If the initial structure

is too far away from the crystal structure, or if there is a kinetic barrier in between
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the two correct and initial structures arising from backtracking, topological knotting,

or hidden allostery, a dramatically more extensive sampling over the configurational

space is needed to find the relevant native states. Harmonic restraints thus can add to

the search difficulty. Here we explore how the the implementation of “soft restraints”

based on a collective variable that preserves the folding funnel and does not introduce

strong topological constraints allows flexible exploration but still suffices to discourage

unproductive unfolding events.

Energy landscape theory not only unravels the puzzle of protein folding[96], but

also offers the mathematical framework to learn the nature of the interactions and

to optimize transferable potentials for structure prediction[75]. Based on the energy

landscape theory of protein folding, a series of coarse-grained force fields have been

progressively developed and shown to predict accurately protein structures from the

ground up without employing any homology information[103, 104, 105]. The physics-

based nature of the transferable terms used in these force fields also enables their use to

carry out mechanistic studies of biological macromolecular function. The most recent

incarnation of these landscape optimized force fields, the Associative memory, Water

mediated, Structure and Energy Model (AWSEM) [105] has been proven successful

not only in moderate resolution structure prediction[106, 107, 86], but also allows the

quantitative study of protein-protein association[108], protein allosteric effects, and

the early stages of protein aggregation[109, 110, 111, 112, 113].

In this study, we put forward the use of a harmonic bias not in the cartesian coor-

dinates of the template but on a collective variable, Q, which measures the similarity

between the simulated and template structures. This way of incorporating structural

information from homologs of the target sequence into a structure prediction algo-

rithm allows local changes to correct for differences between the target and template
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without too much energetic penalty. In addition to this bias, the forces are provided

by the transferable and optimized AWSEM structure prediction force field to guide

structure prediction. We call this combined protocol AWSEM-Template. By using a

bias to a collective variable Q and setting the strength of the bias such that structures

with moderate Q values are not severely penalized, the protocol allows the sampled

structures to deviate from the template where necessary. These deviations are guided

by the transferable terms of AWSEM, which by themselves are capable of predicting

the structures of proteins to moderate resolution. Unlike using constraints individu-

ally on all pair distances, the gentle biasing based on the collective variable Q allows

portions of the molecule to differ significantly from the template without straining

the rest of the molecule because the penalty of the collective Q bias is propotional to

the fraction of unsatisfied constraints, not to the degree to which individual distance

constraints are violated.

To demonstrate the prediction capability of a protocol using soft template con-

straints, we selected eight protein targets having different levels of sequence identity

to their templates. Seven of these proteins are previous CASP targets. We also study

myoglobin. Myoglobin has been used often before as a benchmark for landscape op-

timized force fields. No heme is included in the prediction protocol, so trying to

predict myoglobin structure should give some idea of what happens when co-factors

are either missing or are unknown in making structure predictions. With guidance

from templates, the transferrable potentials from AWSEM efficiently and accurately

guide the structure predictions to high resolution for all eight test cases, even though

four out of eight targets fall into the “twilight zone" of sequence identity with their

template, with the lowest sequence identity between target and template being 15%.

In most cases, structures with quality comparable to the highest resolution structures
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that are sampled during the coarse-grained prediction simulations can be selected

blindly using a clustering procedure that seeks consensus between the lowest energy

structures sampled during multiple independent simulated annealing trajectories.

After the coarse-grained prediction using the AWSEM-Template force field, we

also refine the resulting structures using an atomistic force field (CHARMM36), again

employing a soft collective coordinate constraint on the Cα atoms that is now derived

from the predicted structures provided by AWSEM-Template. The short refinement

simulations consistently improve the accuracies of the initial all-atom models that are

reconstructed from the coarse-grained structures using SCWRL4. Molecular dynam-

ics approaches naturally lead to an ensemble of choices for the “predicted structure”.

We show here that picking the best refined structures out of this ensemble can be

done using a scoring system based on all-atom and AWSEM energies whose parame-

ters were optimized from the decoy set of MD sampled structures of a single example

protein. The structurally most accurate structures from the refinement trajectory of

the other test proteins are usually among the highest-scored structures. In this paper,

we aim to document that coarse-grained predictions with AWSEM-Template followed

by atomistic refinements accurately predicts protein structures with relatively high

accuracy and resolution, including instances of proteins where templates are in the

“twilight zone” of sequence identity.

3.3 Method

The prediction protocol described in this paper is summarized in Figure 3.1. First,

the templates of the target sequence are identified, and structural information from

the templates is incorporated into the AWSEM Hamiltonian (see below for details

about how this is done). Next, 20 simulated annealing simulations are performed



61

using the AWSEM-Template Hamiltonian starting from completely extended struc-

tures. The resulting 20 predicted structures are then clustered. The central structure

from the cluster with the highest mutual structural similarity is then chosen as the

final “predicted” coarse-grained structure. An all-atom model is then rebuilt from this

final predicted coarse-grained structure and refined through 10 molecular dynamics

simulations of 20 ns each in explicit solvent with a soft collective bias of the peptide

backbone towards the coarse-grained predicted structure. Finally, the all-atom struc-

tures produced by the refinement simulations are evaluated to infer their structural

accuracy using a novel machine learning scheme based on the AWSEM and atomistic

energies. The top scoring structures are selected as the final predicted structures.
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Figure 3.1 : Protocol for structure prediction using AWSEM-Template and all-atom

refinement.

3.3.1 The AWSEM Force Field.

The Associative memory, Water mediated, Structure and Energy Model (AWSEM) is

a predictive, coarse-grained, protein folding force field that represents the conforma-

tion of each amino acid residue using the location of three atoms within the residue:

Cα, Cβ, O. A complete backbone can be reconstructed on the fly from the positions

of these three atoms by using an ideal peptide bond geometry assumption. AWSEM’s

parameters were optimized by employing the principles of energy landscape theory[96]

using as a training set a database of experimentally determined protein structures.
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Interested readers are encouraged to consult Davtyan et al. [105] for detailed infor-

mation about the AWSEM force field and Schafer et al. [75] for a pedagogical review

of the history of the AWSEM model and the principles used for its optimization. The

AWSEM-Template Hamiltonian as summarized in Eq. 3.1 is made up of both the

optimized transferable tertiary energy terms and the specific knowledge-based terms

of ordinary AWSEM, but now also includes the template-based biasing term.

VAWSEM−Template = Vbackbone + Vcontact + Vburial + VFM + VHB + Vtemplate (3.1)

Among the transferable terms in Eq. 3.1, the backbone term, Vbackbone, ensures that the

peptide backbone stays connected and does not overlap itself. The many body burial

term, Vburial, takes into account the instantaneous local density around each residue

and attempts to sort each residue into its preferred burial environment - exposed,

partially buried, or completely buried. The contact term, Vcontact, includes a direct

contact interaction and a water- or protein-mediated interaction. As a knowledge-

based term, the fragment-based associative memory term, VFM , locally biases the

formation of secondary and super-secondary structures. This local in sequence bias

uses structural information of peptide fragments found in experimentally solved struc-

tures from the Protein Data Bank (PDB). The fragments can be chosen either with

or without knowledge of global sequence homology [105]. This bias can alternatively

employ structures sampled in atomistic simulations [106, 107]. The hydrogen bonding

term, VHB, favors formation of α-helices or β-sheets and can optionally be informed

by the input of a secondary structure prediction.

In addition to the above knowledge-based terms, which are also used when no

template is available, here we introduce an additional template-based modeling term,

Vtemplate, which guides the global folding with tertiary information from the identified
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templates. Vtemplate is a harmonic potential based on the collective coordinate, Q,

which measures structural similarity by comparing pairwise distances between two

structures (Eq. 3.3). Q values range between 0 and 1 with 1 indicating near perfect

identity up to an angstrom or so for pair distances.

Vtemplate = ktemplate(Qtemplate − 1)2 (3.2)

Qtemplate =

∑
i,j Θ(rNij − 2)e−(rij−rNij )

2
/2σ2

ij∑
i,j Θ(rNij − 2)

(3.3)

In Eq. 3.3, Θ(rNij − 2) is 1 for rNij ≥ 2.0 and 0 otherwise, σij = |j − i|0.15, and rNij

is the pairwise residue-residue distance in the templates after alignment, while rij is

the pairwise distance in the structure whose Q value is being measured. ktemplate can

be used to scale the strength of the template term relative to the other terms used

in AWSEM-template. A detailed description of how to obtain the set of rNij for a

given target will be given in the following sections. Additionally, detailed parame-

ters for structure prediction using AWSEM-Template are shown in the Supporting

Information.

3.3.2 Predicting secondary structural information for the AWSEM-Template

Hamiltonian.

The backbone term in AWSEM-Template, Vbackbone, can optionally take advantage of

a secondary structure prediction. When present, the secondary structure prediction

is used to apply additional biases to the backbone Φ and Ψ angles towards either

α−helical or β−strand conformations. In this study, we adopted PSSpred developed

by Zhang and his coworkers to provide the predicted secondary structural information
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of the target sequence. PSSpred is a neural network algorithm, which has been proven

to be effective in secondary structure prediction [114].

3.3.3 Obtaining fragment memories for structure prediction targets.

The fragment memory term for AWSEM, VFM , applies local-in-sequence structural

biases by aligning short fragments from experimentally resolved structures or atom-

istic simulations to the sequence of the structure prediction target. In the past, when

testing the ability of AWSEM to perform template-free de novo structure prediction,

we excluded information from fragments derived from structures that have sequences

that are globally homologous to the target sequence. In some of our previous studies

of de novo structure prediction, we used BLAST [115] to find the short fragments that

locally match in sequence but are not from globally homologous sequences. When

performing template-based modelling, a sensible strategy would seem to be to include

only fragment memories from structures that have homologous sequences. In practice,

however, limiting fragment information to that from homologs only inevitably leads to

unfilled gaps in the fragment memory alignments and results in reduced performance

due to uneven coverage of the alignments across the target sequence. Therefore, in

this work, fragments taken from homologous sequences are supplemented by frag-

ments taken from non-homologous sequences and the weights of the two sources of

fragment memories are balanced based on the number of aligned memories in each

fragment from the target sequence. In this way, those parts of the protein target that

do not match the template are being driven by the same forces as in a strict de novo

AWSEM prediction.
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3.3.4 Obtaining tertiary structural information from templates.

We used HHpred [116] to find templates for our target sequences using a minimum

threshold confidence score of 95. In order better to simulate a scenario in which

template-based modelling would be employed in practice, we excluded all templates

that were deposited in the PDB after the target structure. The aligned regions from

the templates were selected and renumbered according to their alignment to the target

sequence from HHpred. Then, a pairwise distance matrix was created and the entries

in the matrix were used to define the rNij values in Eq. 3.3.

3.3.5 Simulation details for structure predictions.

Structure prediction simulations were performed using the Large-Scale Atomic/Molecular

Massively Parallel Simulator (LAMMPS) software package [117], in which the AWSEM-

Template force field is available as an open source add-on [105]. Annealing simulations

were carried out for the eight targets annealing from either 600 K to 200 K or 500

K to 200 K in 8 million steps. The initial temperature of the annealing was 600 K

for T0766, T0833 and T0815; the intial temperature was 500 K for all other targets.

All the predictions start from a fully extended configuration that was built using Py-

Mol (www.pymol.org). For the proteins in this study, an eight million step annealing

simulation using the AWSEM-Template model takes 10-24 hours to complete when

running on a single CPU.

To compute the free energy landscapes of a protein, we used umbrella sampling

along an order parameter, Q with respect to the crystal structure of this protein. The

harmonic biasing potential used for constant temperature (400K) umbrella sampling
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simulations for 8 million steps is shown in Equation 3.4.

VQ−bias = kQ−bias(Q−Q0)
2 (3.4)

In Eq. 3.4, kQ−bias = 200kcal/mol. The biasing center values, Q0, were chosen to

be equally spaced from 0 to 0.98 with an increment of 0.02. The unbiased free

energy landscapes were then reconstructed from the umbrella sampling data using the

weighted histogram analysis method (WHAM). The free energy landscapes can also

be extrapolated to temperatures other than the temperature at which the simulation

was performed.

3.3.6 Rebuilding all-atom models based on coarse-grained predictions

from AWSEM.

The first round of selection for coarse-grained structures was done on the basis of the

AWSEM-Template energy (Eq. 3.1). The structures with the lowest AWSEM energy

from each of the 20 simulated annealing trajectories were clustered based on their

mutual-Q values. High average mutual-Q values within a cluster indicates strong

mutual structural similarity. A similar clustering method was used in a previous

paper [107]. The centroid structure of the cluster with the highest average mutual-Q

was selected as the final candidate for atomistic refinement.

Since the structures produced by the coarse-grained AWSEM simulation have

only backbone and Cβ atoms, rebuilding of the side-chains on these coarse-grained

structures was performed using SCWRL4 [118]. We also tried using MODELLER [90]

to rebuild the side-chains but found that, in general, SCWRL4 performed somewhat

better in terms of choosing native-like rotamer states for sidechains (data not shown).

After rebuilding side-chains onto the selected backbone structure, one is left with a
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complete protein structure, with coordinates for all of the atoms, which is ready for

refinement using all-atom molecular dynamics simulations.

3.3.7 Simulation details for structural refinement.

Prior to atomistic refinement, the selected candidate structure was electrostatically

neutralized by adding an appropriate number of either Na or Cl ions, solvated in

explicit water with 0.15 M NaCl, and simulated for 20 ns with a time step of 2 fs. A

total of 10 independent runs with different random seeds as input to the velocity ini-

tializations were performed for each protein. A soft harmonic Cα Q-bias with a spring

constant of 200.0kJ/mol towards the coarse-grained structure predicted by AWSEM-

Template was added. This soft bias allows for significant backbone movement but

disfavors unproductive unfolding. The CHARMM36 force field [119] was used for

our refinement simulations, and the simulations were performed with GROMACS

5.0.4 [120, 121]. For the proteins in this study, each all-atom refinement simulation

takes about 24 hours to complete when running in parallel on 16 CPUs.

3.3.8 Evaluating the all-atom structures with a machine learning method

based on linear regression with energies as features.

To provide a way to select blindly the most native-like structures from among the

structures generated by the all-atom refinement simulations, we formulated a classifi-

cation problem and trained a supervised learning algorithm using a set of “energetic”

features. Training data were generated by assigning the labels of “high” and “low”

quality to all-atom structures corresponding, respectively, to high GDT-TS structures

(among the top 2.5%) and to low GDT-TS structures (the rest). Training this post-

selection was done using only a single one of the prediction targets. We chose three
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energy terms as our feature set. These energies were the statistical energy calculated

by RWplus[122], which is sensitive to the sidechain orientations, the AWSEM tem-

plate energy (Vtemplate), and the total AWSEM energy excluding the template energy.

All energy terms for each protein were renormalized by subtracting the mean and

dividing by the standard deviation over the training ensemble.

For the specific training set to learn the weights of the three features, we used

eighty percent of the structures generated during the all-atom refinement simulations

of one protein, T0792. We then optimized the coefficients of a logistic regression

model with features x and weights θ. The cost function that was minimized during

training is given in Eq. 3.5, where p̂ = 1

1+e−θT ·x . The weights obtained during training

and used for evaluation of the structures generated during the all-atom refinement

simulations are -0.2, -1.6, and -0.2 for RWplus, Vtemplate, and VAWSEM = Vbackbone +

Vcontact + Vburial + VFM + VHB, respectively.

J(θ) = − 1

m
Σm
i=1[y

(i) log(p̂(i)) + (1− y(i)) log(1− p̂(i))] (3.5)

The trained model yields a probability that a structure is of high quality. From

each set of refinement simulations, we then select those structures that have the

highest predicted probability of being of high quality as the final predicted structures.

Aside from GDT-TS score, we have also tried carrying out the training using other

metrics like Q and RMSD. The quality of prediction when using these other metrics

is similar to what was found when using the GDT-TS score as the metric (data not

shown).

3.3.9 Structure prediction accuracy metrics

To evaluate the accuracy of the structure predictions provided by the AWSEM-

Template protocol, we use multiple metrics: Cα-RMSD, CE-RMSD, Q, and GDT-TS.
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These quantities all measure the structural similarity between two structures, but in

different ways. In the case of the structure prediction, these metrics were used to

measure the accuracy of each predicted model based on the corresponding native

structure. Cα-RMSD captures the root-mean-square-deviation of Cα atoms between

the predicted and native structures. CE (combinatorial extension) RMSD calculates

the RMSD of the aligned regions of proteins after CE alignment [2]. All CE-RMSDs

are given along with the percentage of aligned residues. The RMSD is particularly

relevant when considering the potential of using predicted models for molecular re-

placement to phase X-ray diffraction data. Q is a metric with the form given by

Q =
2

(N − 2)(N − 3)

∑
j−i>2

e−(rij−rNij )
2
/2σ2

ij (3.6)

where N is the total number of residues. rij and rNij are the distances between two

residues i and j in the model and native structures. σij = |j − i|0.15 is a tolerance

that depends weakly on the sequence separation of residues i and j. GDT-TS (Global

Distance Test Total Score) is another measure frequently used in the CASP compe-

tition [123] to assess the quality of structure prediction. The GDT-TS is defined as

the percentage of Cα atoms falling within a specified tolerance of the corresponding

distance in the native structure. Typically, one uses the cut-off values of 1Å, 2Å, 4Å

and 8Å to compute the percentage, and GDT-TS is the average of these percentages,

and this is what we have done in this study as well.
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3.4 Results

3.4.1 Summary of template-guided structure prediction and refinement

of eight proteins with varying degrees of sequence similarity to their

templates.

The overall scheme for producing all-atom structures of prediction targets that have

identifiable template structures is sketched in Figure 3.1. The scheme can be divided

into two stages: first, coarse-grained structures are produced using AWSEM-Template

and then atomistic refinement of selected coarse-grained structures that have been

chosen without reference to any knowledge of the native structure is carried out. The

results of these stages of structure prediction are summarized using four structure

quality metrics (RMSD, CE-RMSD, GDT-TS, and Q) in Table 3.1. To understand

how the structures obtained directly from the AWSEM-Template coarse-grained an-

nealing and those specific coarse-grained structures that were subsequently chosen

for refinement using all-atom simulations compare to structures obtained when using

other state-of-the-art homology modeling methods, we have included a summary of

the corresponding prediction results obtained using MODELLER and I-TASSER on

all eight of the prediction targets in Table 3.1. MODELLER and I-TASSER were

run with default settings and utilized the same template structures that were em-

ployed for the AWSEM-Template predictions. Overall, the coarse-grained AWSEM-

Template structures that were blindly selected are comparable in quality to those

produced by I-TASSER but have significantly lower RMSD values than those pro-

duced by MODELLER when using the same template to guide structure prediction.

In 4 out of 8 cases, the selected AWSEM-Template coarse-grained annealing in fact

yields the lowest RMSD structure of all the prediction tools. In 3 out of the 4
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remaining cases, AWSEM-Template yields the second lowest RMSD structure. Be-

sides RMSD, the other structure quality metrics also indicate that both the coarse-

grained AWSEM-Template structures and the all-atom structures obtained by re-

fining AWSEM-Template structures are comparable or better in quality than those

produced by other state-of-the-art methods.

Table 3.1 also documents that atomistic refinement, as described below, except

in two cases, improves the RMSD of the selected coarse-grained structure. The final

refined structures always have better RMSDs than MODELLER results and, in 5

out of 8 cases, considerably better RMSDs than I-TASSER. Interestingly, the best

coarse-grained annealing results are sometimes substantially better than the results

obtained by atomistic refinement of the selected templates. This argues that a more

sophisticated selection scheme of the coarse-grained annealings would be a valuable

addition to this technology.

3.4.2 Coarse-grained Structure prediction for eight proteins using AWSEM-

Template.

The coarse-grained structure prediction results using AWSEM-Template are summa-

rized in Figure 3.2 and Table 3.1. In Figure 3.2, we have plotted the Q values of the

structures that were selected using the clustering analysis described in the Materials

and Methods section versus the sequence identity of the template that was used as

input to the Vtemplate energy term. The results for the AWSEM predictions with-

out template information are shown as blue diamonds, while those from simulations

with template guidance are shown as red diamonds. As expected, the results from

AWSEM-Template predictions are consistently better than pure AWSEM predictions

that use no template information. As a control, we also carried out predictions with
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a Hamiltonian that included only the template bias and backbone geometry (green

diamonds) but that contained no contributions from AWSEM forces. The results

indicate that predictions obtained using a combination of AWSEM potential with

template-based bias usually are better than those found using templates alone.

Template-based modeling can be challenging for targets in the “twilight zone” of

low sequence identity. Among our eight targets, at least four have a sequence identity

below 30% compared to their templates. AWSEM-Template predictions for the twi-

light zone targets are nonetheless of high quality, which suggests that soft constraints

from templates work well in template-based modeling which is also informed by a

transferable and optimized structure prediction model like AWSEM. Although the

predictions for the four targets that are not in the ‘twilight zone’ are better on aver-

age than those that are in the ‘twilight zone’, the best structures that are sampled

for targets with low sequence identity to their templates still tend to be of quite high

quality (Q > 0.7, RMSD of 2-3 Å). In Figure 3.2, the results for the blindly selected

structures are shown in red squares. The blindly selected structures are obviously

not as good as the best ones sampled but nevertheless are usually quite close to the

best sampled structures (within ≈ 0.1 Q units). These blindly selected structures

are used both as the starting structures for all-atom refinement and also provide the

biasing information in the all-atom refinement simulations as described below. The

GDT-TS, Q, CE-RMSD, and RMSD values of the best sampled and blindly selected

structures can be found in Table 3.1. Again, the AWSEM-Template and refined

AWSEM-Template predictions fare very well in comparison to the existing methods

(MODELLER and I-TASSER).
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Figure 3.2 : Summary of the coarse-grained structure prediction results for eight

proteins with different sequence identities to their templates. From left to right,

the prediction targets are T0251, 1MBA, T0815, T0833, T0792, T0784, T0803, and

T0766. Q, a measure of structural similarity, is plotted on the y-axis. The maximum

Q values obtained during the AWSEM annealing simulations without template infor-

mation (blue diamonds) and the AWSEM-Template annealing simulations (red dia-

monds) are plotted along with the Q values of the blindly selected AWSEM-Template

structures (red squares). Blind selection of structures typically yields structures that

are within ≈ 0.1 Q units of the best sampled structure. For comparison, the maxi-

mum Q values obtained from annealing simulations using a Hamiltonian having only

the template bias and backbone geometry constraints are drawn in green diamonds.

To assess the consistency of the results from many annealing runs, we plotted



75

the best Q values for each of the 20 annealing runs (sorted in ascending order) and

the results are shown in Fig. 3.3. Three models were tested, namely the combined

AWSEM-Template model, the standard AWSEM model without any template in-

formation, and a model with only template information guiding tertiary structure

formation. The AWSEM-Template predictions are seen to be consistently of higher

quality than the predictions using AWSEM without template information. For the

majority of targets (7 out of 8), the combined AWSEM-Template model produces the

highest quality structures, indicating the utility of combining a transferable structure

prediction model with template information. The structural alignments of the best

sampled structures to the X-ray crystal structures, shown in Figure 3.3, indicate that

the best sampled structures are highly similar to the X-ray crystal structures. In some

cases, such as T0766 and T0784, AWSEM-Template sampled structures are close to 1

RMSD from the crystal structure after Combinatorial Extension (CE) alignment [2].

The RMSDs after CE alignment are below 3 for all the other proteins. The above

results taken together suggest that AWSEM-Template can generate accurate models

so long as there are acceptable templates available (sequence identity > 15%). Also,

consistent with what is shown in Figure 3.2, the predictions from the Hamiltonian

that includes only template information (green) but no transferable tertiary interac-

tions or fragment information are lower in quality than those from AWSEM-Template

Hamiltonian.
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Figure 3.3 : Prediction quality and consistency for each of the eight structure pre-

diction targets during the coarse-grained prediction step. Red diamonds correspond

to AWSEM-Template predictions and blue diamonds correspond to AWSEM predic-

tions without template information. Green diamonds correspond to predictions using

a model that has only template information to guide tertiary structure prediction and

lacks the transferable energy terms in the standard AWSEM model (Vcontact, Vburial,

and VHB). In each case, the Q values of the lowest energy structures from the 20

annealing simulations are plotted in ascending order. The alignments of the best

sampled structures (those sampled structures that have the highest Q value) from

the AWSEM-Template annealing simulations with the corresponding X-ray crystal

structures are shown on the right side of each panel. The predicted structures are

shown in red and the X-ray crystal structures are shown in white. Below the struc-

tures, several accuracy metrics are given including the Q value, the RMSD value,

and the CE-RMSD value along with the percentage of aligned residues in the CE

alignment [2].
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3.4.3 All-atom molecular dynamics refinement of coarse-grained struc-

tures predicted from AWSEM-Template.

We refined a subset of blindly selected coarse-grained model structures for each of the

eight target proteins by performing 10 replicates of 20 ns all-atom molecular dynamics

simulation starting from the same blindly selected structure. A soft collective bias

based on the Cα Q value of the simulated all-atom structure compared with the blindly

selected predicted coarse-grained AWSEM-Template model structure was added to

the full atomistic energy function (see the Methods section for details). The soft

and collective nature of the bias towards the template allows for significant backbone

movement as guided by side-chain rearrangements but also disfavors unproductive

unfolding. As shown in Table 3.1, in terms of GDT-TS scores and Q values, all

eight structures were improved by carrying out the atomistic refinement. Among the

improved structures, 1MBA, T0784, and T0792 show the largest gains in GDT-TS.

In order to visualize for which regions refinement makes significant structural

changes, the contact maps of the initial (reconstructed from coarse-grained predic-

tions using AWSEM-Template), best refined (structure with the highest Q value),

and native structure are plotted with a cut-off distance of 9.5 Å for Cα atoms. Also,

the corresponding three-dimensional structures were aligned using the CE alignment

algorithm [124] (Figure 3.4). We observe that the largest improvements during re-

finement occur in helical regions of the proteins that we studied, which is consistent

with observations made by others [100].

In addition, we calculated the change of side-chain accuracy during our atomistic

refinement simulations. We first categorize the residues according to their normalized

solvent accessible surface area in the X-ray crystal structure [125]. The side-chain

orientations of the buried residues are presumably better defined by tertiary interac-
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tions and thus fluctuate less than the orientations of the floppy side-chains protruding

from the protein surface into the solvent. Therefore, we calculate and highlighted the

change of the side-chain accuracy of the buried side-chains alone (buried accuracy

or “bAccuracy”) during refinement. The side-chain accuracy was calculated based on

the two major side-chain dihedrals (χ1 and χ2) for each residue and this accuracy

is plotted as a function of simulation time. The average and standard deviation of

the bAccuracies as a function of time were calculated based on the total of 10 refine-

ment simulations for each protein. As shown in Figure 3.5, the atomistic refinement

typically increases the average χ1 accuracy for most proteins. The accuracy of the

exposed side-chains is also shown in Figure 3.5 for comparison. Unlike the bAccuracy,

the accuracy of the surface-exposed side-chains, or “sAccuracy”, shows no systematic

trend in the refinement simulations, which is consistent with our presumption that

the χ1 and χ2 angles for surface-exposed side-chains are relatively poorly defined due

to the lack of tertiary interactions.

3.4.4 Reduction of frustration during all-atom refinement simulations.

While overall the frustration in native proteins is kept to a minimal level, patches of

frustration do occur in accurate protein structures. These patches in accurate struc-

tures signal regions of importance to binding[126] and to allosteric function[127].

Obviously, in the context of prediction we must be aware also that additional frus-

tration also can be introduced by errors in these predicted structures. These patches

may signal either errors in the force fields or insufficiency of the sampling.

The Frustratometer [126] can be used to localize energetic frustration in proteins.

Frustration analysis allows us to pinpoint where frustration due to errors in coarse-

grained predictions can be alleviated by all-atom refinement simulations, as measured
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by the residue-level AWSEM energy function. As shown in Figure S1, S2, S4, S5,

the four proteins that show the largest improvement in terms of GDT-TS score,

1MBA, T0251, T0784 and T0792 also show significant reduction in localized patches

of frustration after atomistic structure refinement. For example, the frustration in

T0784 is reduced primarily in the region where the atomistic simulation converted a

loop structure in the coarse-grained model into a better formed β-sheet.

In order to better understand the overall changes in frustration during the all-

atom refinement simulations, we used the Frustratometer to calculate the number of

minimally frustrated and highly frustrated interactions during the refinement simu-

lations (Fig. 3.6). Most targets do not show large changes in the overall number of

minimally or highly frustrated interactions during the refinement simulations. For

1MBA, the average numbers of both the minimally frustrated interactions and of the

highly frustrated interactions increase significantly during the refinement simulation,

with about a two-fold larger increase in minimally frustrated interactions compared

to highly frustrated interactions. For 1MBA, the final average number of both min-

imally frustrated interactions and highly frustrated interactions match those found

in the crystal structure, consistent with our finding that its structure is significantly

refined during the all-atom simulations. We note, of course, that MBA in our sim-

ulations lacks the crucial heme cofactor which would explain the presence of highly

frustrated interactions in the apo form.
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3.5 Discussion

3.5.1 Template information can be naturally incorporated into the AWSEM

framework, yielding a template-based modeling method that is sup-

ported by a realistic and transferable coarse-grained model.

The transferrable AWSEM code has proved successful in moderate-resolution struc-

ture prediction when no structural templates are available [105]. Nevertheless, for

practical situations when homologs are often available, it is useful to incorporate

structural information that can reliably be inferred from templates. In the AWSEM-

Template protocol, the structural information from templates is encoded using a col-

lective but soft bias, which, by collaborating with AWSEM’s transferable components,

generally yields very high-quality coarse-grained structures.

To better understand the connection between the transferable and template-based

components of AWSEM-Template potential, we computed free energy profiles for

T0792 protein with and without the template-based component. The free energy

profiles of T0792 were computed using umbrella sampling simulations and are plotted

as a function of Q. As shown in Fig. 4.5, at this temperature the free energy profile

for AWSEM with no template-based bias has a free energy minimum at Q ≈ 0.3,

while the free-energy minmum was shifted to Q ≈ 0.58 by including the bias (with

k = 200kcal/mol). Thus, the template-based term does indeed guide the structure

prediction to a more native-like structure.
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Figure 3.7 : Soft constraints from templates guide the folding of T0792 toward a

native-like state. Free energy profiles of T0792 as a function of Q are shown using

different models: AWSEM without template information (blue circles), AWSEM-

Template with soft constraints (red circles), and AWSEM-Template with strong con-

straints (yellow circles).

To understand the influence of the strength of the constraint on the collective vari-

able Q, we compared the free energy profiles of T0792 with two different strengths

of bias towards the template structure (Fig. 4.5). The two profiles both have free

energy minima near Q = 0.6. The softer constraint allows the model to sample

more structures with lower Q values. For targets with low sequence identity to their

templates, or for the purpose of modeling proteins that undergo significant conforma-
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tional changes, the presence of this flexibility may be important. Finding the optimal

balance between the template-based and the transferable terms for studying mech-

anistic aspects of protein function that go beyond simple structure prediction is an

interesting challenge that we will pursue in the future.

Figure 3.8 : Expectation values of energy terms in the AWSEM-Template model as

a function of Q for the protein T0792. The expectation values are shown for several

different models: AWSEM without template information (blue circles), AWSEM-

Template with soft constraints (red circles), and AWSEM-Template with strong con-

straints (yellow circles).

We also investigated how adding the template bias influences the funneling to the
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native state by calculating the expectation value of the individual energy terms (as

well as the total energy) as a function of Q (Fig. 3.8), using T0792 as an example. A

well funneled energy function will lead to monotonically decreasing energy expectation

values with increasing Q. The standard AWSEM model is funneled to a Q-value of ≈

0.4, and structures with high Q values have approximately equal energy as structures

at Q = 0.4. However, as can be seen in panel E of Fig. 3.3, the state at Q ≈ 0.4 “traps”

all of the simulated annealing simulations in the standard AWSEM model, effectively

preventing the high Q structures from being sampled. In contrast, when guidance

from the template structure is added, Vtotal decreases monotonically to very high Q

values (Fig. 3.8), and this increased funneling results in improved structure prediction

performance when using simulated annealing simualtions to predict structure (panel

E, Fig. 3.3).

3.5.2 A combination of template-based modeling with coevolutionary in-

formation under the AWSEM framework is probably optimal for

structural prediction.

As the most practical approach for structure prediction, template-based modeling

has enjoyed success during past CASP contests. A general analysis of CASP targets

shows that templates can be found in existing structure databases for more than

60% of the targets. Template-free targets nonetheless make up a substantial fraction

of all targets encountered today. Therefore, for the purposes of both improving the

modeling of targets that are only partially covered by templates and for predicting the

structure of targets for which no template information is available or identifiable, it is

important to continue to develop approaches to structure prediction that complement

pure template-based modeling.
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Coevolutionary constraints inferred from large sequence datasets also can help

guide accurate structure prediction of proteins[82, 83, 84, 87, 86]. In contrast to

template-based modeling, coevolutionary constraints do not directly provide three di-

mensional coordinates but only provide inferred contact information, which is not gen-

erally as complete as the contact information inherent in template-based approaches.

In practice, we believe that an algorithm that includes both template 3D information

and coevolutionary pair information into a framework based on an optimized and

transferable coarse-grained model should be quite useful to efficiently and accurately

predict protein folds most generally. We are currently preparing another manuscript

on such a hybrid protocol.

3.6 Supporting Information

This information is available free of charge via the Internet at http://pubs.acs.org at

DOI: 10.1021/acs.jctc.8b00683

Reduced number of highly-frustrated contacts in a protein molecule during molec-

ular dynamics refinement, detailed information of the templates used in this work,

and parameters used in our simulations.
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Target information RMSD ()

ID Length Solved Structure Template Structure Template Identity (%) MODELLER I-TASSER
AWSEM-Template Refined AWSEM-Template

Best Selected Best Selected

T0251 111 1XG8 1J0F 16.1 7.64 6.62 2.44 3.44 2.69 3.37

1MBA 145 1MBA 1X3K 26.0 2.70 2.28 2.16 2.86 1.99 2.46

T0815 106 4U13 3FH1 28.7 3.56 3.07 2.70 2.73 2.26 2.73

T0833 136 4R03 4R8O 29.2 5.11 3.31 3.37 4.71 4.12 4.71

T0792 80 5A49 3RCO 32.8 7.70 4.49 2.59 5.05 2.07 2.56

T0784 155 4QEY 2LRG 57.0 1.81 1.96 1.21 1.50 1.29 1.62

T0803 139 4OGM 4PE2 63.1 6.94 3.95 2.81 5.74 3.46 5.57

T0766 130 4Q53 4ORL 65.5 2.18 2.34 1.16 1.37 1.08 1.37

Target information CE-RMSD (/%)

ID Length Solved Structure Template Structure Template Identity (%) MODELLER I-TASSER
AWSEM-Template Refined AWSEM-Template

Best Selected Best Selected

T0251 111 1XG8 1J0F 16.1 4.83/72 4.58/86 2.36/96 2.58/96 2.20/96 2.75/96

1MBA 145 1MBA 1X3K 26.0 2.20/94 1.82/99 2.01/93 2.78/93 1.85/99 2.38/93

T0815 106 4U13 3FH1 28.7 2.46/98 2.02/98 2.46/97 2.16/91 1.74/98 2.16/91

T0833 136 4R03 4R8O 29.2 3.46/76 2.14/76 2.93/96 4.22/89 3.50/89 4.22/89

T0792 80 5A49 3RCO 32.8 2.36/90 2.26/90 1.63/90 2.15/90 1.28/90 2.57/100

T0784 155 4QEY 2LRG 57.0 0.85/77 0.79/77 1.08/96 1.42/96 1.08/96 1.51/96

T0803 139 4OGM 4PE2 63.1 3.44/86 3.36/92 2.61/96 3.40/90 1.23/78 4.19/84

T0766 130 4Q53 4ORL 65.5 0.81/80 1.08/80 0.97/96 1.08/96 0.73/96 1.08/96

Target information GDT-TS

ID Length Solved Structure Template Structure Template Identity (%) MODELLER I-TASSER
AWSEM-Template Refined AWSEM-Template

Best Selected Best Selected

T0251 111 1XG8 1J0F 16.1 45.72 45.05 75.22 66.21 74.77 66.43

1MBA 145 1MBA 1X3K 26.0 71.23 77.57 72.43 65.24 80.14 74.83

T0815 106 4U13 3FH1 28.7 76.18 79.01 74.29 72.17 84.67 72.17

T0833 136 4R03 4R8O 29.2 64.58 79.86 61.58 47.92 53.71 47.92

T0792 80 5A49 3RCO 32.8 64.69 73.12 80.31 74.06 84.38 81.25

T0784 155 4QEY 2LRG 57.0 95.20 95.80 91.80 86.00 92.60 92.20

T0803 139 4OGM 4PE2 63.1 78.92 71.08 79.66 74.07 78.17 74.18

T0766 130 4Q53 4ORL 65.5 94.44 90.28 93.06 90.97 95.60 90.97

Target information Q

ID Length Solved Structure Template Structure Template Identity (%) MODELLER I-TASSER
AWSEM-Template Refined AWSEM-Template

Best Selected Best Selected

T0251 111 1XG8 1J0F 16.1 0.40 0.44 0.71 0.61 0.69 0.61

1MBA 145 1MBA 1X3K 26.0 0.70 0.75 0.72 0.64 0.78 0.73

T0815 106 4U13 3FH1 28.7 0.71 0.73 0.77 0.69 0.79 0.65

T0833 136 4R03 4R8O 29.2 0.84 0.94 0.72 0.54 0.56 0.52

T0792 80 5A49 3RCO 32.8 0.58 0.65 0.75 0.65 0.77 0.76

T0784 155 4QEY 2LRG 57.0 0.92 0.92 0.90 0.87 0.90 0.88

T0803 139 4OGM 4PE2 63.1 0.69 0.68 0.77 0.66 0.70 0.65

T0766 130 4Q53 4ORL 65.5 0.93 0.89 0.94 0.91 0.93 0.90

Table 3.1 : A summary of structure prediction results for coarse-grained AWSEM-

Template structures and for AWSEM-Template structures that have been refined with

all-atom simulations. Structure prediction results from MODELLER and I-TASSER

are included for the sake of comparison. MODELLER and I-TASSER were run with

default settings and utilized the same template that was employed for the AWSEM-

Template predictions (“Template Structure”). All structures for each given target

were compared to the same experimentally solved structure (“Solved Structure”).

Four structure quality measures are shown: RMSD, CE-RMSD, GDT-TS, and Q.

Structure quality metrics were computed for the best sampled AWSEM-Template

structures (“Best”) and the AWSEM-Template structures that were chosen without

reference to the native structure (“Selected”). Best structures were chosen from the

coarse-grained (“AWSEM-Template”) and all-atom refinement (“Refined AWSEM-

Template”) stages of prediction by identifiying the structure having the highest Q

value. Selected structures were chosen by clustering of low energy structures for the

coarse-grained prediction step or by a machine learning algorithm that uses energies

as features for the all-atom refinement step.
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Figure 3.4 : Comparison of initial and refined structures of each protein. Left: Three

dimensional alignment of initial, refined, and native structures. The initial structure

(red) and the refined structure with the maximum Q value (blue) are aligned to the

native structure (white). Middle: The contact maps comparing the initial and native

structures (upper left) and comparing the refined and native structures (lower right).

The contact maps are calculated based on the Cα atoms with the cut-off distance of

9.5 Å. Hollow black squares are native contacts. Filled red squares are false-positive

contacts. Filled green squares are false-negative contacts. Right: Changes in the

incorrectly predicted contacts during refinement. Here, hollow symbols indicate a

decrease and filled symbols indicate an increase. The upper left corner shows the

change of false-positive contacts, with red hollow squares indicating the loss of a

false-positive contact and red filled squares indicating the gain of a false-positive

contact. The lower right corner shows the changes in false-negative contacts, with

green hollow squares indicating the loss of a false-negative contact and green filled

squares indicating the gain of a false-negative contact.
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Figure 3.5 : The change of accuracy of side-chain packing during atomistic refine-

ment. The accuracy was calculated for (A, “bAccuracy”) the residues whose normal-

ized solvent accessible surface areas are less than 0.2 in the X-ray crystal structure and

(B, “sAccuracy”) the residues whose normalized solvent accessible surface areas are

greater than 0.5 in the X-ray crystal structure. The accuracy was evaluated based on

the side-chain dihedrals χ1 (blue) and χ2 (orange) of each residue. The average (solid

line) and standard deviation (shadow) were calculated over a total of 10 independent

refinement simulations.
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Figure 3.6 : The number of minimally frustrated and highly frustrated interac-

tions as a function of time during the all-atom refinement simulations. The average

number of minimally frustrated interactions during the 10 all-atom refinement simu-

lations is shown as a function of time in green for all prediction targets. The average

number of highly frustrated interactions is shown in red. The standard deviations

of these quantities are indicated with errorbars. For comparison, the number of

minimally frustrated and highly frustrated interactions present in the corresponding

crystal structures are shown as solid horizontal lines.
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Chapter 4

OpenAWSEM with Open3SPN2: a fast, flexible, and
accessible framework for large-scale coarse-grained

biomolecular simulations

4.1 Abstract

We present OpenAWSEM and Open3SPN2, new cross-compatible implementations of

coarse-grained models for protein (AWSEM) and DNA (3SPN2) molecular dynamics

simulations within the OpenMM framework. These new implementations retain the

chemical accuracy and intrinsic efficiency of the original models while adding GPU

acceleration and the ease of forcefield modification provided by OpenMM’s Custom

Forces software framework. By utilizing GPUs, we achieve around a 30-fold speedup

in protein and protein-DNA simulations over the existing LAMMPS-based imple-

mentations running on a single CPU core. We showcase the benefits of OpenMM’s

Custom Forces framework by devising and implementing two new potentials that

allow us to address important aspects of protein folding and structure prediction

and by testing the ability of the combined OpenAWSEM and Open3SPN2 to model

protein-DNA binding. The first potential is used to describe the changes in effective

interactions that occur as a protein becomes partially buried in a membrane. We also

introduced an interaction to describe proteins with multiple disulfide bonds. Using

simple pairwise disulfide bonding terms results in unphysical clustering of cysteine

residues, posing a problem when simulating the folding of proteins with many cys-
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teines. We now can computationally reproduce Anfinsen’s early Nobel prize winning

experiments by using OpenMM’s Custom Forces framework to introduce a multi-

body disulfide bonding term that prevents unphysical clustering. Our protein-DNA

simulations show that the binding landscape is funneled towards structures that are

quite similar to those found using experiments. In summary, this paper provides a

simulation tool for the molecular biophysics community that is both easy to use and

sufficiently efficient to simulate large proteins and large protein-DNA systems that

are central to many cellular processes. These codes should facilitate the interplay be-

tween molecular simulations and cellular studies, which have been hampered by the

large mismatch between the time and length scales accessible to molecular simulations

and those relevant to cell biology.

4.2 Author summary

The cell’s most important pieces of machinery are large complexes of proteins often

along with nucleic acids. From the ribosome, to CRISPR-Cas9, to transcription

factors and DNA-wrangling proteins like the SMC-Kleisins, these complexes allow

organisms to replicate and enable cells to respond to environmental cues. Computer

simulation is a key technology that can be used to connect physical theories with

biological reality. Unfortunately, the time and length scales accessible to molecular

simulation have not kept pace with our ambition to study the cell’s molecular factories.

Many simulation codes also unfortunately remain effectively locked away from the user

community who need to modify them as more of the underlying physics is learned.

In this paper, we present OpenAWSEM and Open3SPN2, two new easy-to-use and

easy to modify implementations of efficient and accurate coarse-grained protein and

DNA simulation forcefields that can now be run hundreds of times faster than before,
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thereby making studies of large biomolecular machines more facile.

4.3 Introduction

In recent decades, experimental methods for studying biological systems have made

great strides providing dynamic and structural information across a range of scales.

Nevertheless, most experimental probes are still very indirect, with a wide gap be-

tween what can be measured directly and what scientists actually want to understand

and visualize. Modern theoretical frameworks for organizing our thinking along with

computational simulation codes begin to allow the detailed mechanisms of biomolecu-

lar assemblies to be laid bare. The development of physical simulation models allows

mechanistic ideas that are often only inferred indirectly from structural biology to be

tested rigorously in a quantitative way rather than remaining attractive but quali-

tative hypotheses. Biomolecular simulations, in fact, are now beginning to uncover

previously unforeseen mechanisms on the molecular level.

When writing down a mathematical description of the forces acting on biomolecules,

an important first decision to make is what degree of detail is needed to represent

the relevant motions of the biomolecules within their environment. In particular, one

must decide which of the atomic degrees of freedom should be kept and which can be

averaged over. Retaining all of the atomic degrees of freedom gives rise to the popu-

lar all-atom models of biomolecules immersed in a solvent which is also described in

atomic detail. While these models are computationally costly to simulate, they can

be quite accurate and have recently been used successfully to fold small proteins and

even now begin to allow study of the dynamics of larger systems. [128, 129] The great

amount of detail in the all-atom representation often leads us to forget that all-atom

models today still make physical assumptions like the additivity of the intermolec-
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ular forces, which may not be fully accurate in all situations. Averaging over the

solvent degrees of freedom yields tremendous computational cost savings. The gain

in efficiency arises from two factors: first, when we simulate a solvated biomolecule in

full atomic detail, the vast majority of the atoms belong to the solvent. Eliminating

them from detailed consideration then greatly reduces the number of computational

operations needed to follow the dynamics. Second, as parts of the biomolecule move

through the solvent they are constantly buffeted by collisions with the nearby solvent

molecules. These collisions dramatically slow down the large scale motions that usu-

ally are of the most interest, yet in the main these frictional effects do not change the

structural character of the motions.

Averaging over all of the solvent degrees of freedom while retaining a fully atomi-

cally detailed representation of the biomolecule thus already yields significant compu-

tational advantages. While solvent averaging alone increases computational efficiency,

additional computational savings can be had by simplifying the representation of the

biomolecule itself. Here again, there are two ways computational time is saved. First,

there is a direct savings related to the need to compute a still smaller number of forces.

Second, one can choose to intentionally speed up certain internal motions that are

otherwise slow in a typical all-atom model by lowering torsional barriers, such as the

rotation of backbone Ramachandran dihedral angles. Opting for a coarse-grained

representation of a biomolecule, by facilitating sampling, greatly expands the number

of biological questions that can be effectively studied.

While it is convenient to average over the solvent and detailed side chain degrees

of freedom, the thermodynamic effects of the solvent and the side chains are subtle

- considerably more subtle than the buried surface area model. In proteins, it is

well known that bulk aqueous solvent gives rise to an effective hydrophobic attrac-
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tion between non-polar residues. [130] This effect motivated the buried surface area

approximation. It is less widely known that specifically bound water molecules also

mediate interactions between pairs of polar residues; these give rise to an effective

hydrophilic interaction. [131, 132] These water-mediated interactions are quite im-

portant in protein complexes. One efficient way of handling such phenomena is to

alias such interactions back onto the protein degrees of freedom. Doing this leads to

strongly nonadditive forces. It is commonly believed that averaging over any of the

degrees of freedom lowers the reliability of a model. For biomolecules, however, the

all-atom force fields have themselves generally been parameterized by experimental

data just as the coarse grained models are. The greater freedom of formulating coarse

grained models however has long encouraged the use of machine learning strategies

to determine these parameters. Such machine learning increases the accuracy of the

description. [16] The resulting sophisticated coarse grained models have proved sur-

prisingly effective in describing biomolecular dynamics both in folding and function,

even in a quantitative sense. [133]

4.4 Design and Implementation

The coarse-grained protein folding force field known as the Associative memory, water-

mediated, structure and energy model (AWSEM) is the latest iteration of a series of

coarse-grained models that have been primarily developed in the Wolynes and Pa-

poian groups over the last several decades [66]. AWSEM employs a detailed backbone

representation along with a single interaction site for each side chain. The AWSEM

force field includes an implicit solvent model with a hydrophobic burial term along

with explicit water-mediated nonadditive interactions between the residues. AWSEM-

MD is an implementation of the AWSEM model in the LAMMPS molecular dynamics
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package [134]. AWSEM-MD has been successful in predicting the structures of globu-

lar α-helical proteins [66], both designed and natural α/β proteins [65], and polytopic

α-helical membrane proteins [64]. AWSEM-MD has also been used to study protein

association [135] and aggregation [136]. Recently, AWSEM-MD has been used to

predict the folds of large proteins by incorporating co-evolutionary information [137]

and 3D template information [138]. It has also performed quite well in recent CASP

competitions. [139]

Nucleic acids are important partners with proteins in biology and it is desir-

able to study their dynamics with compatible computational tools. 3SPN.2 is a

Coarse Grained DNA model developed by the de Pablo group that models the DNA

molecule using 3-sites-per-nucleotide: a particle for the phosphate group, a particle

for the sugar and a particle for the nucleobase [140]. 3SPN.2 provides a flexible

representation for the DNA backbone, and employs a detailed representation of the

base pairing interaction and DNA electrostatics. 3SPN.2C also describes the DNA

sequence dependent curvature [141]. 3SPN.2C has already been used in combination

with AWSEM to study protein-DNA complexes, such as the nucleosome [142] and

NF-κB DNA complexes [143].

As the force fields that are used to model protein and protein-DNA systems be-

come more complicated, and as the systems being studied become larger, the software

used to model these systems must also evolve. The challenges are clear: for exam-

ple, in a recent study of chromosome organization proteins [144], AWSEM combined

with co-evolutionary information was used to study a protein complex having a total

of 3964 residues. For these large systems, even relatively short simulation runs of

100 ns laboratory time took up to 24 hours to obtain using LAMMPS code. In the

present paper, we will show how the OpenMM framework can be used to speed up
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such simulations using GPUs and how OpenMM framework allows one to introduce

novel interactions in the simulation force field models with relative ease.

The LAMMPS simulation package employs a parallelization scheme that is based

on spatial-decomposition, with each CPU handling a separate contiguous region of

space. Information about the forces that act across the boundaries of these domains

is passed between the processors at each timestep. This parallelization scheme is

relatively simple to implement due to its nearly universal structure with respect to

different forcefields. This approach to parallelization scales very well for simulations

of bulk liquids and solids, where the system has a nearly uniform density. For simu-

lations of biomolecules with an implicit solvent forcefield, like AWSEM and 3SPN2,

however, spatial decomposition can be inefficient because the systems have highly

heterogeneous local densities. Processors that compute the interactions inside of the

mostly empty boxes will ordinarily then be idle while waiting for the processors that

compute the interactions inside of those boxes that are full of atoms. A spatial-

decomposition scheme that dynamically adjusts the sizes of the CPU-domains can

only partially compensate for this effect. For implicit solvent models, the force-based

parallelization scheme employed by OpenMM turns out to be much more efficient,

especially when implemented on GPUs.[145] OpenMM was developed with the in-

tention of being compatible with multiple hardware platforms including GPUs. It

provides a high level application programming interface (API) that removes the bur-

den of writing platform specific codes. Traditionally, computational scientists have

designed forcefields for single CPUs and then only later would spend time modifying

their codes to support simulations on multiple CPUs and even more time on adding

GPU support. With OpenMM, one only needs to write down the equations describ-

ing the forcefields once, and the software automatically compiles optimized code that
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can be run on all platforms including a single CPU, multiple CPUs, and GPUs (with

both CUDA and OpenCL support).

OpenMM provides various flexible custom force templates to ease the implemen-

tation of forcefields with new functional forms. To implement OpenAWSEM and

Open3SPN2, we used the custom force template that best fits each term in the

Hamiltonians. For example, the "CustomNonbondedForce" is the best choice for

the excluded volume term, which acts between every pair of atoms, while the "Cus-

tomBondForce" supports a very wide range of functional forms and is appropriate for

terms that involve only a small subset of the system’s atoms. Another interesting sit-

uation that OpenMM flexibly encodes is AWSEM’s water-mediated interaction. Since

the water-mediated interactions depend on the local density around each interacting

atom, the local density around each residue has to be computed first before comput-

ing the mediated interactions. This two stage feature can be implemented using the

"CustomGBForce" template, which was originally intended to support another two

stage energy term: the Generalized Born-type potentials.

The custom force templates allow for rapid prototyping of new potential terms.

For each new potential, only the energy formula needs to be specified, while its deriva-

tives are automatically computed for the purposes of computing the forces. By au-

tomating the derivative calculation, even non-experts can design and implement new

force fields readily. In this paper, we will illustrate this capability of the OpenMM

framework by introducing two new features into AWSEM. The first new feature is a

contact term that depends on the degree of burial of a residue in a biological mem-

brane. This energy can be used to describe proteins that have both cytoplasmic parts

that are surrounded by water, and other parts that are buried in a membrane, which

are thus surrounded by lipid primarily. The second new nonadditive potential we



97

introduce and explore is a many-body disulfide bond term that prevents the unphys-

ical clustering of Cysteines that can occur when disulfide bonds are modeled using

a naïve pair potential that must per force be very strong. This potential allows us

to recapitulate the early experiments of Anfinsen on ribonuclease that started the

experimental study of protein folding mechanism. [146, 4]

4.5 Results

4.5.1 Benchmark 1: Protein-only simulations

When AWSEM was first implemented using LAMMPS 8 years ago, dynamic studies

of proteins mostly focused on proteins having less than a thousand residues. This

limited focus was due both to the computational cost of studying larger system, and

partly, to the scarcity of experimentally solved structures of large biological machines.

The structures of larger proteins and their complexes are now being obtained at an

unprecedented pace, thanks especially to the development of Cryo-EM structure de-

termination methods. One recently solved large protein, gamma secretase has drawn

lots of attention due to its role in Alzheimer’ disease. Gamma secretase contains

1542 residues. [147] Fig 4.1 shows comparative benchmark results for simulations

using OpenAWSEM and using LAMMPS for proteins with various lengths. For a

protein with 3724 residues (PDBid: 4qqw), a simulation of 4 million steps corre-

sponding roughly to 20µs in laboratory time took more than 200 hours (8 days)

using LAMMPS. The same simulation takes only about 8 hour using OpenAWSEM,

thus making millisecond simulations feasible within a few days.
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Figure 4.1 : Benchmark timing results for AWSEM simulations with the

LAMMPS and the OpenMM implementations on a linear scale (left) and

on a log scale (right). The x-axis is the number of residues in the proteins that

are being simulated. The y-axis shows the number of computer hours needed to

run a 1 million-step simulation. Each protein was simulated 5 times using each

implementation. The lines are quadratic fits. The simulation protein set was chosen

to have a wide range of protein sequence lengths ranging from 164 residues to 3724

residues.

Benchmark 2: DNA-only simulations

To test the scaling of the runtime of Open3SPN2 for nucleic acids, we ran several

random DNA sequences of different lengths using the 3SPN2.C forcefield. The DNA

strands were simulated using LAMMPS and using OpenMM for 1 hour and, from

these test runs, we estimated the time needed to run 1 million steps. As shown in

Fig 4.2, the OpenMM implementation of 3SPN2.C reduces the simulation time of

long DNA strands ranging in size from 250 bp up to 1.5kb DNA strands. For short

sequences, the GPU is underutilized and the greater overhead associated with using

the GPU results in longer overall simulation times. For the 1.5 kb case, we found a
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fourfold improvement in simulation speed. For longer DNA strands, the speedup will

be greater due to better scaling. This improvement in the simulation speed allows the

study of DNA dynamics on much longer timescales even for more complex systems

such as DNA origamis or small sections of chromosomes.

Figure 4.2 : Benchmark timing results for 3SPN2 simulations with the

LAMMPS implementation of 3SPN2 and the OpenMM implementation

of 3SPN2 on a linear scale (left) and on a log scale (right). The x-axis is

the number of nucleotides in the DNA that is being simulated. The y-axis shows the

number of computer hours that are needed to run a 1 million-timestep simulation.

Each DNA length was simulated 5 times using each implementation. The lines are

quadratic fits. The DNA lengths range from 110 nucleotides to 1580 nucleotides.

Benchmark 3: Protein-DNA simulations

To assess the speedup of DNA-protein simulations we selected several protein-DNA

complexes that have a diverse range of lengths for both the protein and the DNA

sequences. We included in this test set only structures from the PDB that contained

a single protein chain and a single DNA chain. We simulated each complex 5 times for

1 hour using each implementation and estimated how much time would be required
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to run 1 million steps. Fig 4.3 shows an improvement of the simulation speed of

protein-DNA complexes by 1 to 2 orders of magnitude. The largest structure that

we simulated was RecA, a protein with 2050 amino acids, in complex with a 18

nucleotides ssDNA (PDBid: 3cmu). In this case, we obtained a 300-fold speedup.

Figure 4.3 : Benchmark results for AWSEM-3SPN2 simulations of protein-

DNA complexes using the LAMMPS and the OpenMM implementations

of both forcefields on a linear scale (left) and on a log scale (right). The

x-axis shows the PDB ID. The y-axis shows the computer hours needed to simulate

for 1 million steps. Each complex was simulated 5 times using each implementation.

The protein length ranges from 52 nucleotides to 2050 amino acids, while the DNA

length ranges from 2 to 40 nucleotides.
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Application 1: Protein-DNA interface prediction

As an example of simulating protein-DNA interactions, we characterized the capabil-

ity of the AWSEM-3SPN2 Hamiltonian to predict the correct protein-DNA binding

interface of the sporulation specific transcription factor Ndt80 (PDBid: 1mnn). At

a constant temperature of 300K, the protein and DNA in the crystal structure were

first pulled 100 apart and run for 2.5 million steps; following this, a weak, non-specific

force was used to pull them back together while being run for another 2.5 millions

steps. Following this, the pulling force was released and the complex was simulated

for another 5 million steps to let it relax. To reduce the effects of binding to only

a short length of DNA, we extended the crystallized DNA by adding DNA made

with 100 A/T base pairs to both ends of the double stranded DNA using the 3DNA

package [148].

The OpenAWSEM-Open3SPN2 cross-interaction is given by electrostatic interac-

tions between the DNA phosphates and charged residues of the protein, as well as

excluded volume terms. The current implementation lacks specific interactions that

depend on the nucleotide type and amino acid type. Therefore, would it not through

indirect DNA conformation-mediated effects, the protein would not be expected to

prefer binding to any particular stretch of nucleotides on the DNA. The part of the

protein surface that binds to the DNA and the orientation of the bound protein with

respect to the DNA, however, is somewhat specific. To evaluate the quality of the

DNA-protein interface, while focusing on finding the native binding pocket of the pro-

tein, we quantified the quality of the docking in terms of the number of contacts that

the protein makes with any location along the DNA. A residue in the protein is said

to make such a “symmetrized” contact with DNA when the Cβ atom in the residue is

closer than 1.8 nm to a Phosphate of DNA in the crystal structure and where also,
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in the predicted structure, this Cb atom is found within 1.8nm of a Phosphate of the

DNA. For PDB ID 1mnn, there are 135 such native contacts. The interface energy

is defined as the sum of protein-DNA excluded volume energy and the electrostatic

interaction energy between the protein and the DNA. As can be seen in Fig 4.4, there

is a strong correlation between the protein-DNA interface energy and the quality of

the protein-DNA interface, and the orientation of bound protein relative to the DNA

matches that found by experiment.

4.5.2 Application 2: Potentials that depend on locations of residues rel-

ative to a membrane

The water-mediated potential introduced by Papoian et al.[66] acknowledged that

residues interact not only when they are directly in contact but also when they per-

turb the surrounding water, which in turn changes the energetics of more distant

residues. The parameters for this potential were optimized using an energy landscape

theory inspired machine learning algorithm [149, 150, 78, 151, 133]. Energy landscape

theory provides a recipe whereby a transferable energy function can be learned by

searching for the most funnel like landscape in a class of energy models. The funnel-

like character of the landscape is measured by a Z score, Z = (Enative−Emg)/σ(Emg).

This quantity is then maximized while maintaining Emg constant. Emg is the average

energy of a set of misfolded decoy structures. Using this strategy leads to an optimal

set of parameters to discriminate between properly folded and misfolded structures.

In the simplest model these parameters are the strengths of the interactions for dif-

ferent types of residue pairs at various distances and how these interactions vary with

the local density of protein and by contrast with the local density of solvent water.

The AWSEM potential has proved to be very successful in structure prediction and
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has allowed exploration of many aspects of protein functional motions [135, 136].

The water-mediated potential was originally designed for globular proteins, but the

same optimization scheme was used also to find a transferable energy function that

would fold membrane proteins,[64] in their membrane environment; the residue pair

interactions then are mediated by lipids instead of by water. Following the same pro-

cedures as used for the globular proteins, the parameters for proteins that are found

entirely inside the membrane were optimized to discriminate proper folds. Many pro-

teins, however, have some of their parts inside the membrane while other parts of the

protein remain outside in the cytoplasm. To study such systems we need a potential

that can dynamically switch from being water-mediated to lipid mediated based on

the position of the residues relative to the bilayer. Fig 4.5 shows the schematic of this

potential.

Here, we introduce a z-dependent contact term that allows such dynamic switch-

ing. The interactions smoothly transition between the membrane mediated interac-

tions and water-mediated interactions depending on the location of the interacting

residues with respect to the membrane as measured by a height z. We define the new

contact potential term Vcontact through the following equations:

Vcontact =
∑
j−i>9

Vcontact(i, j) (4.1)

Vcontact(i, j) = (1− αiαj)Vwater(i, j) + krelativeαiαjVmembrane(i, j) (4.2)

αi =
1

2
(tanh(η(zi + b)) + tanh(η(b− zi))) (4.3)

, where b = 1.5nm, η = 10nm−1. Vwater(i, j) and Vmembrane(i, j) are the contact terms

as defined in previous paper [64, 66].

Since both sets of parameters in the Hamiltonian were previously optimized with-

out acknowledging the presence of the other terms, we also need to introduce a new
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parameter krelative that controls the relative strength of the membrane mediated and

the water-mediated interactions. A high krelative favors forming contacts inside the

membrane, while a low krelative favors forming contacts in water. To determine the

optimal value of krelative, we again employ the energy landscape optimization learning

scheme. The decoys for implementing this scheme were generated by shifting the

proteins vertically and rotating them. One then optimizes the krelative while keeping

the previously determined parameters fixed. This machine learning scheme was em-

ployed using a test set obtained by downloading the complete Alpha-helical polytopic

database, a total of 1561 proteins, from the Orientations of Proteins in Membranes

(OPM) database. [152]. The advantage of the OPM database over the traditional

RCSB protein data bank is that it also spatially aligns membrane proteins relative

to the membrane. The training proteins must have significant parts both inside and

outside the membrane,. Therefore, for each protein, we computed the fraction of the

residues that are found inside the membrane

χ =
1

L

L∑
i=1

(abs(zi) < 15) (4.4)

, where zi is the z coordinate of CA of residue i, L is the protein length. For training

we only kept those proteins with χ between 0.2 and 0.8. We also removed those

proteins that have more than 2000 residues in order to speed up the optimization.

This yielded a set of 1116 training proteins. For each protein, we then generated 240

decoys. These were generated first by rotating them along the x axis with 12 different

orientation at: 0, 15, 30, 45, 60, 75, 90, 105, 120, 135, 150, 165 degrees, and then

shifting the structure vertically by 20 different displacements: -40, -36, -32, -28, -24,

-20, -16, -12, -8, -4, 0, 4, 8, 12, 16, 20, 24, 28, 32, 36 angstroms along the z-axis.

To carry out this optimization, the total energies are evaluated using the following



105

equations:

E = kwatφwat + kmemφmem + kmemburialφmemburial (4.5)

φwat =
∑
j−i>9

(1− αiαj)Vwater(i, j) (4.6)

φmem =
∑
j−i>9

αiαjVmembrane(i, j) (4.7)

φmemburial =
∑
i

A(σi)Θ(zi, zm = 15) (4.8)

Θ(zi, zm) =

{
1

2
tanh [km(zi + zm)] +

1

2
tanh [km(zm − zi)]

}
(4.9)

In these expression the values of A(σi) are the amino acid hydrophobicities on the

octanol scale of Wimley and White. [69, 70, 71, 41] We include φmemburial here because

the membrane burial term also depends on the position of protein with respect to the

membrane. [153] In the machine learning algorithm thus we want to find the values

of kwat, kmem and kmemburial that maximize the Z score for the correct positioning and

orientations of the proteins with the membrane. Since some decoys are more similar

to the native positioning than are others, we reweighted the decoys when computing

the decoy averages in 〈φ〉mg

〈φ〉mg =
1∑N

d=1(1− θd)

N∑
d=1

(1− θd)φd (4.10)

where N is the number of decoys. For each decoy, the fraction of residues that

have the same pattern of burial as the native structure is defined to be θd. Two

residues are said to have the same burial assignment when either they are both

inside the membrane or they are both in the cytoplasm. θd = 1
L

∑L
i=1 δi, δi =

1 if (abs(z0i ) < 15) = (abs(zi) < 15)

0 if (abs(z0i ) < 15) 6= (abs(zi) < 15)

,where z0i (zi) is the z coordinate of CA of
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residue i in the native(decoy) structure. The optimal values of the coefficients that

maximize the Z score turn out to be 1, 3.3, 3.3 for φwat, φmem, φmemburial respectively.

To demonstrate the effectiveness of the force field obtained in this way, we selected

from the database 15 proteins that have both membrane and globular parts. The

folding of membrane proteins is sometimes thought to have two stages. [43] The

first stage is imagined to be the insertion of the transmembrane helices into the

membrane. In vivo this process is sometimes helped by the translocon [154]. The

second stage of membrane folding is then the rearrangement of the now buried helices

inside the membrane. To imitate the first stage, we used PureseqTM [155] first

to provide an initial idea of the topology with respect to the membrane. Based on

the PureseqTM prediction result, we wrote a script to assign each residue to three

different regions: cytoplasmic, membrane or extracellular. Each residue is then pulled

into its preliminarily predicted region according to the resulting initial assignment

using a force field that only contains the backbone terms. Then, a force is applied

to the two ends of the protein while applying a strong membrane term, so that the

helices become well separated but still live within the membrane. Finally, the residue

type dependent membrane potential is introduced along with the contact terms and

an annealing protocol of 8 million steps is followed with the temperature decreasing

from 800 to 200. The results for the structure prediction runs using the z-dependent

contact term are compared with the results using the original contact potential in the

Fig 4.6.

Fig 4.7 shows the aligned structures of the native structures and the predicted

structures using the new membrane burial depth dependent contact potential.

The AWSEM annealing yields an improved assignment of the location of the

helices relative to the purely sequence based method PureseqTM that was used for
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initial structures. In Fig 4.8, we see that for 10 out of 15 proteins tested, the fraction of

correctly assigned location is increased after the folding. In this test set, 3kp9, 5xpd,

1u19 now have more than 10 additional residues that take on their correct native

location assignments compared to what is used initially based on the PureseqTM

results.

4.5.3 Application 3: Describing many-body saturating disulfide bonds

The disulfide bond forms a very strong interaction between two Cysteines. These

bonds restrain the dynamics of the protein and often control protein stability and

function. Very often the smaller extracellular proteins are dominantly stabilized by a

large number of disulfide linkages. If treated as a pair interaction, the strong disulfide

bonds tend to condense and cluster. The covalent chemical bond, in contrast to the

pair interacting potential, saturates: only one bond can be formed by each Cysteine,

not more. The famous protein ribonuclease A was originally studied by Christian

Anfinsen. It has four disulfide bonds. Monitoring the formation of these bonds was

a key part of Anfinsen’s exploration [4]. Two of the four bonds have been shown to

be important for conformational stability and the other two are needed for catalytic

activity. [156] Because covalent chemical bonds saturate, a simple pair-wise potential

cannot model accurately Anfinsen’s experiment. The saturation effect is critical:

when there are only two cystines, they form a single strong disulfide bond, but when

a third Cystine comes near to the two Cystines that have already formed a bond,

the third Cystine shouldn’t feel any strong attracting force. This is a many body

effect. In this study, we tackled this saturation problem by developing a saturable

many body disulfide bond interaction using the openAWSEM framework. In this

potential, displayed in equation 4.11, the saturation is accounted for using a density
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variable ρcysi that reflects the number of Cystines around residue i smoothed by a tanh

function. The disulfide interaction term is then a pair interaction that is modulated

by two ρcysi dependent switching functions, θnearij and θsmallij . These two switching

functions are defined in equations 4.14 and 4.15.

Vdisulfide =
∑

Vij (4.11)

Vij = θnearij θsmallij α(rij) (4.12)

α(rij) =
1

2
(tanh(κ(rij − rc))− 1) (4.13)

θnearij =
1

2
(tanh(κs(0.2− |ρcysi − ρ

cys
j |)) + 1) (4.14)

θsmallij =
1

2
(tanh(κs(2.2− ρcysi − ρ

cys
j )) + 1) (4.15)

ρcysi =
∑
|j−i|>1

1

2
(1− tanh(κ(r − rc))) (4.16)

where i, j label all the Cystine residues, and rij is the Cb distance between residue

i and j. κs is set to 20, so that θnearij is 0 when the difference between ρcysi (the

Cystine density around residue i) and ρcysj (the Cystine density around residue j) is

larger than 0.4, and θsmallij is 0 when the sum of those two densities is larger than

2.4. The parameters introduced to quantify the rapidity of saturation were calibrated

using a database search for disulfide bonds in known crystallographic structures. To

determine a reasonable potential well size κ for determining the Cystine density, our

survey showed that the Cb-Cb distances between residues that form disulfide bonds

fall in the range of 3.6 to 4.1. We therefore chose a 0.5 interval over which to turn on

the interaction by setting κ = 10−1 and rc = 4.2 in equation 4.16.

To illustrate the efficiency of using the new nonadditive Cystine density dependent

disulfide bond term, we simulated the folding of ribonuclease A (1fs3), bovine pan-

creatic trypsin inhibitor (1bpi), alpha thrombin (1ppb) and several other cystine rich
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proteins selected from [157]. We tested 3 different strengths for the new potential,

(k=0, 2, 5), as well as the model that has the pairwise additive potential, which we

call "original". We can see from Fig 4.9 that as the strength of the saturable disulfide

bond term increases, the predictions become closer to the correct structure (as eval-

uated by the Q value). The saturable disulfide bond term significantly improves the

structure prediction quality for ribonuclease A. This improvement is mainly due to

the correct formation of the Cys26-Cys84 bond, which was also shown by experiment

to be essential for protein stability. [156]

The new disulfide bond term helps specifically to form the native disulfide bonds,

rather than allow the formation of mispaired Cysteines as shown in Fig 4.10. Even

though in some cases (1tcg, 1lmm and 1ppb), the prediction quality measured by Q

was not significantly affected by using the saturable disulfide interaction, the fraction

of correct disulfide bonds was improved in all six proteins we tested.

When we follow the annealing trajectories for these disulfide rich proteins, we find

that, consistent with the funneled nature of the energy landscape, disulfide bonds

do not always form in a specific unique order, and indeed non-native disulfide bonds

occasionally form and revert back to being unpaired, finally achieving a native like

structure. Of course, we must bear in mind that in the laboratory this process must

involve chemically tuning the oxidation of these bonds. Fig 4.11 shows the sequence

of formation of disulfide bonds from each frame in a simulated annealing trajectory of

ribonuclease A. As the extended protein starts to fold from high temperature, some

non-native disulfide bonds do form, but, in the end, the protein is funneled to form

the correct native disulfide bonds.

As shown in Fig 4.12, using the standard AWSEM, only one native disulfide bond

(residue 58 and residue 110) ends up being formed in most of the 20 trajectories,
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while the other native pairs(26-84, 40-95, 65-72) are rarely formed. In comparison,

using the new Cystine density dependent disulfide bond potential, all the native pairs

are finally formed.

4.6 Discussion

We have described a new computational simulation framework for carrying out coarse

grained protein-DNA simulations - OpenAWSEM and Open3SPN2. In this new

framework, simulations using GPUs can achieve speedups of a factor of thirty for

the simulation of proteins that have more than two thousand residues. Large lengths

of DNA also can be studied more efficiently than existing CPU-based implemen-

tations. The minimal time scale for protein folding is at least microseconds [158],

which indicates the size of the computational burden required to study such systems

via all-atom simulations. With OpenAWSEM, folding and functional mechanisms of

even very large proteins can be simulated within a reasonable amount of clock time

(hours or days), thereby opening the door for a wide range of functional biomolec-

ular dynamics studies. The codes are written entirely with Python 3, including the

user interfaces. The computationally costly part of the simulations is handled by

the OpenMM library, which was coded with efficiency in mind. Python 3 provides

great code readability and modification efficiency, and since the codes are automati-

cally compiled while running, the time spent in compilation of the code is eliminated.

Also, using the automatic computation of the derivatives of the Hamiltonian instead

of explicitly coding the forces greatly simplifies the introduction and implementation

of new energy terms to accommodate new physics. To illustrate this feature of Ope-

nAWSEM, we have designed and implemented two sophisticated potentials for some

specialized folding situations. One of these involves the introduction of a membrane
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burial dependent contact potential to describe proteins that are only partially buried

in membranes. We have demonstrated that using this potential for structure predic-

tion leads to more accurate structures than when the proteins are treated as uniformly

living in one environment or the other. Another energy term that was easy to code

was a density dependent disulfide bonding potential that mimicks the saturation of

chemical bonds. Introducing this term generally improved structure predictions and

also allowed us to computationally recapitulate Anfinsen’s Nobel prize winning exper-

iments on ribonuclease. These two new potentials serve to illustrate the flexibility and

extendability of the OpenAWSEM framework, and will encourage the design of future

coarse grained force fields for large biomolecular simulations using this computational

software framework.

4.7 Materials and methods

4.7.1 Simulation setup

The default values of the parameters in the annealing protocol for all the simulations

performed in this study are given below. We maintained those values as being con-

sistent with those typically used in the LAMMPS implementation of AWSEM-MD.

(listed in S1 Doc) We point out that for many problems involving very large systems,

these run parameters should be revised for optimal efficiency. As a default in the

structure prediction runs, we used the langevin integrator with friction of 1ps−1, time

steps of nominal 5fs, and temperature going from 800K to 200K during simulated

annealing. The simulations were carried out for 8 million steps. This corresponds

roughly to 40 µs of laboratory time. Default forces included in our study are the

connectivity, chain, chi, exclude volume, rama, rama modulated by proline, rama
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modulated by secondary structure input file "ssweight", contact, beta, pap and frag-

ment memory terms. Each term can be turned on and off and vary in strength and

setting in the force_setups.py file. All OpenAWSEM and Open3SPN2 simulations

were carried out with Nvidia V100 and all LAMMPS version simulations were carried

out with Intel Xeon CPU E5-2650 v2 on the Rice NOTS server.

4.7.2 Q-value definition

The Q-value is a measure of how similar a predicted structure is to the correct native

structure. To evaluate the quality of the protein predictions we used the Q value

which is defined as:

Q =
2

(N − 2)(N − 3)

∑
i<j−2

e
−

(rij−r
N
ij )

2

2σ2
ij (4.17)

where N is the total number of residues, i and j are sequence positions, rij is the

distance between the CA of residue i and the CA of residue j. rNij is the distance

between CA of residue i and CA of residue j in native structure, σij = (1 + |i− j|0.15).

For Qwater, N is the number of residues outside of the membrane, and the sum is

taken over all of those residues. For Qmembrane, N is the number of residues outside

the membrane, and σij = 2(1 + |i− j|0.15)

4.8 Availability and Future Directions

OpenAWSEM is available at https://github.com/npschafer/openawsem website, and

Open3SPN2 is available at https://github.com/cabb99/open3spn2 website. We plan

to study protein-protein interactions such as the dimerization or oligomerization of

membrane protein in the future.



113

4.9 Acknowledgments

The authors would like to thank Dr. Peter Eastman the developer of OpenMM for

helpful discussions during the development of the OpenAWSEM and Open3SPN2

package.



114

Figure 4.4 : A scatter plot of the interaction energy between the DNA and

the protein versus the fraction of the symmetrized native contacts formed

at each time frame during the last 7.5 million steps of simulations from

10 runs. The average energy as a function of the number of symmetrized

native contacts is indicated with blue line. A simulation snapshot showing

the overlap of the crystal structure (colored in red) and the predicted

structure (colored in cyan) that has the lowest interface energy. There

is a high correlation between the protein-DNA interface energy and the number of

symmetrized contacts, indicating that the binding process is funneled to the correct

interface. The overlap figure was created by aligning only the protein parts of the

crystal structure and the predicted structure. We see that the DNA in both structures

turns out to be aligned quite well, showing good structural agreement between the

lowest energy simulated structure and the experimental structure.
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Figure 4.5 : A schematic figure for the Z-dependent contact potential The

residues outside of the membrane, where the membrane boundary is indicated by

the two colored lines, interact using the globular parameters. The residues inside

the membrane interact using the membrane-optimized parameters. If one residue is

inside, while another one is outside, the pair interacts as if they both were in water. In

the heat maps on the left side of the figure, red color indicates a favorable interaction

between the pair of residues indicated on the horizontal and vertical axes, whereas

blue color indicates an unfavorable interaction. Separate heat maps are shown for the

direct, low-density, and high-density interaction matrices in the water (globular) and

membrane environments.
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Figure 4.6 : Structure prediction results using the three contact potential

schemes evaluated using Qwater (left) and Qmem (right). Qwater measures the

structural similarity to the native structure using only the residues that are outside

of the membrane, whereas Qmem measures the structural similarity of the structures

for those residues found inside the membrane. The closer the similarity score is to

1.0, the more native like is the prediction. The hybrid potential in general performs

better than either the pure globular protein model or the pure membrane model.
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Figure 4.7 : Overlay of the native structures and the best Qwater and Qmem

structures using the membrane burial depth dependent contact potential.

For each protein, the upper figure shows the part of the protein that is found buried

in the membrane and the lower part of the figure shows the globular domain.
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Figure 4.8 : The fraction of correct location assignments of the residues

relative to the membrane using a purely sequence-based method (Purese-

qTM) and that yielded by running OpenAWSEM simulations (AWSEM).
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Figure 4.9 : Structure prediction results for six disulfide rich proteins using

various strengths of the saturable disulfide bond interaction. We plot the

best Q from 20 simulated annealing runs that started from different random velocity

seeds for each different value of the disulfide interaction strength. As the strength of

the disulfide interactions increases, the best Q increases. 1tcg, 1lmm, 1bpi and 1ppb

all have 3 disulfide bond. 1fs3 has 4 disulfide bonds, and 1hn4 has 7 disulfide bonds.

The relatively modest best Q for thrombin (1ppb) probably comes from the fact that

we have only modeled the main chain of the molecule, but thrombin also has a short

chain that has been experimentally shown to be important for function [3].
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Figure 4.10 : The fractions of correct disulfide bonds in the predictions of

several disulfide rich proteins. These fractions are shown for several different

strengths of the saturable interaction. At full strength, nearly all the pairs form

correctly.



121

Figure 4.11 : The formation of disulfide bonds in a single annealing tra-

jectory with k=5. Following the trajectory in time, disulfide pairs are darkened in

when they are formed. Red indicates that a native disulfide bond has been formed.

Blue indicates that a non-native disulfide bond has formed. The alignment of the

best Q structure from this trajectory with the crystal structure is shown in SI. Its Q

value is 0.77.
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Figure 4.12 : The average formation of disulfide bonds as a function of time

over the 20 annealing runs, with the patterns from the standard AWSEM

shown on the left and patterns from the nonadditive disulfide potential

runs with k=5 shown on the right. Red indicates that native disulfide bond

has formed. Blue indicates the formation of a non-native disulfide bond. The darker

the color, the larger fraction of the trajectories that form this disulfide bond during

this time frame. We see that, occasionally, even with the full strength saturable

interactions, sometimes non-native disulfides persist after the rapid annealings.
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