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Abstract

Title of Dissertation: Advancing Drug and Biomaterial Design with Constant pH
Molecular Dynamics Simulations

Cheng-Chieh Tsai, Doctor of Philosophy, 2019

Dissertation Directed by: Jana Shen, Ph.D.
Associate Professor and Co-Director of the Computer-Aided
Drug Design Center
Department of Pharmaceutical Sciences
University of Maryland School of Pharmacy, Baltimore,
MD, USA

Molecular dynamics (MD) simulation is a valuable tool for investigating motions of macro-

molecular systems; however, solution pH, a critical factor for biological and chemical pro-

cesses, is neglected in conventional MD simulations. To address this weakness, our group

developed various continuous constant pH molecular dynamic (CpHMD) tools. In this

dissertation, applications and new protocols that utilize CpHMD for drug and biomate-

rial design are presented. β-secretase 1 (BACE1, implicated in Alzheimers disease) and

Src kinase (implicated in cancer) were utilized as model systems for drug design applica-

tions. In chapter 2, we applied CpHMD to understand the binding of BACE1 with two

small-molecular inhibitors. We discovered that, despite the structural similarity of the two

inhibitors, the titration behavior of the protein active site differs and this difference dra-

matically impacts the protein-ligand interactions and consequently the inhibitor affinity.

Further, we tested a new protocol that combines CpHMD titration with free energy sim-

ulations to construct the pH-dependent binding free energy profiles. The resulting data

showed excellent agreement with experiment and identified one potential allosteric site in

BACE1. Next, in chapter 3, we simulated Src kinase to test the capability of CpHMD to



study kinases. Starting from the crystal structure of the inactive Src, CpHMD can cap-

ture the conformational activation along the major inactive states without introducing any

biasing potential or mutation.

Starting from chapter 4, we studied the chitosan-based hydrogel systems to explore

the detailed molecular mechanisms that give rise to macroscopic materials properties. We

examined the flexibility of chitosan chains under different environmental conditions such

as pH and salt concentration. Simulation data revealed that in addition to electrostatic

screening, salt ions enhance the chain flexibility by interrupting the intra-molecular hydro-

gen bonds and thereby shifting the conformational populations between extended and bent

states. In chapter 5, the atomic-level mechanism of pH-responsive chitosan-based hydro-

gels with switchable mechanical properties was investigated. Our data suggested that the

electrostatic crosslinks are formed through the pH-dependent salt-bridge interactions be-

tween the chitosan glucosamines and surfactant headgroups. The pKa difference between

the chitosan crystallite and the surfactant-bound chitosan is a key for the persistent but

erasable gradient in the structural and mechanical properties between the two crosslinked

regions. In summary, my work provids insights that will contribute to drug and biomaterial

design and highlights the usefulness of CpHMD in these fields.
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Chapter 1

Introduction

The first condensed phase molecular dynamics (MD) simulation can be traced back

to 1957 by Alder and Wainwright (1). Since then, MD simulation has become a well-

estabilished tool to investigate chemical and biological systems with atomistic details that

are generally difficult to access via experiments. However, regular MD simulations are less

feasible to model the impact of pH, a critical feature in chemical and biological systems.

To address this, constant-pH molecular dynamics (pHMD) which explicitly account for pH

was developed and achieved great success since their emergence (2, 3). The methodology

and development of pHMD are reviewed in this chapter. The content of the dissertation,

i.e., applications of pHMD in pharmaceutical and biomaterial design, is summarized at the

end of the chapter.

1.1 Molecular Dynamics

MD utilizes Newton’s laws of motion to model the physical movement of atoms. With

enhanced computational power, numerous biological systems were simulated using MD

simulations in the past several decades (4, 5). In MD, to propagate atoms versus time, inter-

atomic forces are computed via a set of molecular mechanics or empirical energy functions

called force fields (6, 7). Energy is calculated by adding up the bonded and non-bonded

potentials as a function of the spatial coordinates of atoms. In the current dissertation, all

simulations were carried out with one of the most prestigious and long-history CHARMM
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(Chemistry at HARward Macromolecular Mechanics, Ref. (8–20)) force field. The energy

functions defined in CHARMM force field are (21)

Utot =
∑

bonds
Kb(b− b0)

2+
∑

Urey−Bradley
KUB(S− S0)

2

+
∑

angles
Kθ(θ − θ0)

2

+
∑

dihedrals
Kφ(1+ cos(nφ− δ))+

∑
impropers

Kω(ω−ω0)
2

+
∑
vdW

εmin
i j


(

Rmin
i j

ri j

)12

−2

(
Rmin

i j

ri j

)6 +
∑
elec

qiq j

4πε0εri j

+
∑

residues
UCMAP(φ,ψ).

(1.1)

Bonded terms include bond (b), valence angle (θ), Urey-Bradley (UB), dihedral angle (φ),

improper dihedral angle (ω), and backbone torsional correction (CMAP). Most of bonded

terms follow the harmonic form except the dihedral potentials and CMAP. The idea of

harmonic potential is that an object will experience restoring force if displacing from its

equilibrium position (shown as variables with subscript 0). The dihedral potential is a

sinusoidal expression with the multiplicity n and the phase shift σ. The force constants

for individual term are denoted with K . The physics behind bonded term is related to

the connectivity of the system it describes. The term bond describes the stretching of

covalent bond connecting two atoms and the term angle describes the bending between

two consecutive covalent bonds. The Urey-Bradley term applies to the distance between

the first and third atoms of some angles to optimize the vibrational spectra and essential

for the in-plane deformation (22). The regular dihedral term is used to model the torsional
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rotation of the central bond along four consecutive atoms. The improper dihedral term helps

maintain the planarity of molecules (e.g. aromatic rings) where three atoms are covalently

linked to one central atom. The CMAP term is introduced to improve the accuracy of the

sampling of the protein backbone φ and ψ dihedrals (9, 23, 24). Non-bonded terms include

the electrostatic energy following Coulomb’s law and the van der Waals (vdW) energy

calculated by Lennard-Jones (LJ) potential (25). Electrostatic energy is related to atomic

partial charges (qi and q j), the vaccum permittivity ε0 and the dielectric ε . Finally, the

Lennard-Jones potential is an approximate model to estimate the interaction between atoms

pairs. The r−12 term describes the repulsive force to mimic the Pauli repulsion at short

ranges and the r−6 term describes the attraction (van der Waals or dispersion force) at long

ranges. Other LJ parameters include the well depth εmin
i j , the interatomic distance ri j and

the separation distance Rmin
i j with the minimum LJ-potential. For computational efficiency,

non-bonded terms are only calculated for the atom pairs within an arbitrarily chosen cut-

off distance, excluding the atom pairs with bond (1,2 interaction) or angle potential (1,3

interaction).

By numerically solving Newton’s equations of motion, a trajectory of the movement

of atoms is generated by MD, whose algorithm is illustrated in Figure 1.1. Once an initial

structure is provided, forces exerted on each atom are calculated with force fields. Acceler-

ations are then derived via Newton’s second law of motion. With velocities also computed,

positions of atoms after a chosen period of time can be evaluated. Repeating these processes

propagates a simulated system as a function of time, resulting a continuous trajectory of

molecular motion.
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Starting atom coordinates

Calculate the forces acting on each atom 
Newton’s second law

𝐹𝑖 = 𝑚𝑖𝑎𝑖

Move each atom according to the forces

Output the new coordinates

Figure 1.1: Standard molecular dynamics simulation algorithm.

1.2 Constant-pH Molecular Dynamics

Many environmental variables such as temperature, pressure and ionic strength are al-

ready taken into consideration in conventional MD. However, solution pH, a critical factor

for the stability and activity of biomolecules, is not well accounted for. Depending on en-

vironmental pH, ionizable sites such as amino acids in proteins may ionize to varying mag-

nitude, which in turn induces downstream biological reactions. Conventional MD simula-

tions normally assign protonation states for ionizable sites by comparing the experimental

pKa (generally in bulk aqueous phase, Table 1.1) to the simulation pH. During simulation,

the protonation states are not allowed to change. However, this approach is an approxima-

tion. Here are two reasons. First, the pKa of an ionizable site may be significantly shifted

in different environment, which is normally unknown. Second, the protonataion state of

an ionizable site can vary in response to pH. Take aspartic acid as an example, it has an

aqueous pKa around 4, indicating both protonated and deprotonated state can exist at pH 4.
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So it would be difficult to get correct sampling with fixed protonation state if simulating at

pH 4. One way to address these problems is to use the predicted pKa, which can be calcu-

lated by empirical methods such as PROPKA (26) or H++ (27). However, these methods

are based on static structures and unable to properly handle flexible motifs (28) or highly

buried residues (29). Furthermore, the pH-dependent processes (30) can not modelled with

fix protonation states.

Table 1.1: Standard pKa values of amino acid side chains.

Residue pKa
Arg 12
Lys 10.4 (10.4)
His 6.5 (6.54)
Glu 4.4 (4.25)
Asp 4.0 (3.67)
Tyr 9.6 (9.84)
Cys 9.5 (8.55)

pKa’s based on the blocked single amino acids were taken from Ref.
(31). Parenthesized pKa’s based on alanine pentapeptides were taken
from Ref. (32). For His, the displayed macroscopic pKa was calcu-
lated based on the microscopic values for δ and ε sites (33)

Given the critical role of pH, efforts have been made over the years to develop the sim-

ulation methods that determine the protonation stats of titratable sites at a specific pH on

the fly. The earliest work was the grand canonical approach proposed by Mertz and Petitt

(34). After that, there are two major types of constant-pH molecular dynamics (CpHMD)

(28, 35–38). Discrete constant-pH molecular dynamics (DpHMD) allows the protonation

state switch between two states (protonated and deprotonated), while continuous constant-

pH molecular dynamics (CpHMD) allows the protonation states evolve continusouly be-

tween the two end states.

The idea of DpHMD is straightforward. MD simulation is temporarily interrupted to
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update the protonation state by Monte Carlo (MC) method. During MC, new protonation

state is arbitrarily generated and the energy cost is evaluated with energy functions, from

which if the change should be accepted or rejected can be determined based on Metropo-

lis criteria (39). Once accepted, the simulation will continue with the new protonation

state. DpHMD was initially developed in the Baptista group (2) and evolved into several

approaches with different solvation models (40–47).

CpHMD includes the solution pH explicitly in MD simulation so the protonation states

are allowed to fluctuate over the course of MD simulation. CpHMD was first proposed by

the Brooks group (3) with λ-dynamics. Every titratable site is associated with a λ parti-

cle which is allowed to propagate between 0 (protonated) and 1 (deprotonated). The very

first development of CpHMD deals with titratable sites independently without considering

the tautomerism in Asp, Glu and His residues. Therefore, the follow up work by Khando-

gin and Brooks utilized the two-dimensional λ-dynamics to enable the inter-conversion of

tautomers (33). These versions were implemented in the CHARMM package (21) with the

generalized Born (GB) implicit-solvent model (48–50). The computational cost of CpHMD

is massively reduced after introducing the GB model with a simple switch function (50).

The enhancing sampling method such as the temperature-based replica-exchange (T-REX)

technique (51) was also introduced by Khandogin (52). The benchmark study of 10 model

proteins has shown that GB-CpHMD with T-REX can lower the error of pKa prediction to

less than 1 pH units within a sampling time of 1 ns (per replica) (52). Another study was

performed on the mutants of staphylococcal nuclease (SNase) with deeply buried ionizable

residues (29, 53). The predicted pKa’s showed an average error around 1.5 pH units. The

improved accuracy and efficiency make GB-CpHMD a valuable tool for pKa prediction
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(29, 52) and pH-coupled conformational changes (54–61).

Even though GB models greatly enhance the efficiency of CpHMD calculation, several

inherent limitations of GB models restrict the further CpHMD improvement. First of all,

carboxylate pKa’s can be underestimated due to the over-stabilized attractive electrostatic

interactions in GB models (62, 63). Secondly, due to the difficulty in estimating the di-

electric constant inside proteins, GB models tend to underestimates the desolvation energy,

leading to large error in predicted pKa’s for buried residues (29, 52). Finally, GB models

tend to induce over-compact and rigid conformations in proteins (59, 64). Since CpHMD

couples the titration and conformational equilibria, inaccurate conformational sampling

could leads to unpredicted error in the sampling of the protonation states (29).

To address the issues mentioned above, Wallace and Shen developed hybrid-solvent

CpHMD (Hybrid-CpHMD) (65), which was the method utilized in the current disserta-

tion. The key idea of Hybrid-CpHMD is to use explicit solvent model for conformational

search and GB model for solvation forces on titration coordinates. In addition, the pH-

based replica-exchange (pH-REX) method was incorporated to accelerate the convergence

of both conformational and titration states (65). pH-REX method allows several indepen-

dent replicas run at different pH and swap the coordinate and protonation states periodi-

cally. The probability of exchange of neighboring replicas i and j is calculated by (65)

Pi↔ j =min
(
1, e−ln(10)(pHi−pHj )(

∑
λi−

∑
λ j )

)
. (1.2)

Compared with GB-CpHMD, the pKa’s obtained from Hybrid-CpHMD showed better cor-

relation with experimental data in five benchmark systems including HP36 (36-residue
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subdomain of villin headpiece), BBL (binding domain of 2-oxoglutarate dehydrogenase

multienzyme complex), NTL9 (N-terminal domain of ribosomal L9 protein), HEWL (hen

egg white lysozyme) and SNase (65). Shen group also reported that Hybrid-CpHMD pro-

vides better pKa prediction for charged micelles compare with GB-CpHMD (66). Finally,

by using the memberane GBSW implicit-solvent model (67), Shen group successfully ap-

plied Hybrid-CpHMD to membrane proteins such as proton-sodium antiporter NhaA (68),

influenza M2 proton channel (69), and efflux pump AcrB (70). Hybrid-CpHMD has been

demonstrated to be feasible to various pH-coupled systems with great diversity (more detail

will be discussed in section 1.4).

1.3 Hybrid-CpHMD Methodology

1.3.1 Theoretical Foundation

The extended Hamiltonian in CpHMD allows the simultaneous propagation of spatial

and titration coordinates. Besides regular kinetic and potential energies, two additional

potential terms are added. Uhybrid couples spatial and titration coordinates (λ particles). U∗

is the biasing potential applied to λ particles. Kinetic energy of λ particles is added as well.

The total Hamiltonian then follows the form

H({ra}, {θi}) =
∑

a

1
2

ma Ûr2
a +

∑
i

1
2

mi Ûθ
2
i +Uint({ra})+U∗({θi})+Uhybr({ra}, {θi}), (1.3)

where a is the index for spatial coordinates and i is the index for variable θ which is related

to the titration coordinate λ. The reason to transfer variable from λ to θ is that sine function
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(Equation 1.4) naturally limits the value of λ from 0 to 1.

λi = sin2(θi). (1.4)

The first two terms in Equation 1.3 are the kinetic energies for real atoms and virtual

titration particles, respectively. The third term Uint is the internal potential energy including

all the bonded and non-bonded interactions between atom pairs that are not titrating. The

fourth term U∗({θi}) is the sum of three biasing potentials that only affect the titration

coordinates

U∗({θi}) = −Umodel(λi)+Ubarr(λi)+UpH(λi). (1.5)

Since CpHMD calculates the change in the deprotonation free energy of a titration

site inside a perturbed microenvironment (e.g. buried inside protein), Umodel describes the

deprotonation energy for the model compound. Umodel is modelled by potential mean force

(PMF) function given as

Umodel = A(λi −B)2. (1.6)

The A and B in Equation 1.6 are fitting parameters. To determine A and B, the derivative

of Equation 1.6 is fitted with the mean forces calculated at several λ(θi)’s through ther-

modynamics integration (TI). For residues with two proton binding sites or tautomers, the

two-dimensional PMF having one titration degree of freedom λ and one tautomeric degree

of freedom x, is described by a second-order bivariate polynomial

Umod(λi, xi) = a0λ
2
i x2

i + a1λ
2
i xi + a2λi x2

i + a3λ
2
i + a4x2

i + a5λi xi + a6λi + a7xi + a8. (1.7)
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Although λ can adopt any value from 0 to 1 in CpHMD, the values between two end points

have no physical meaning. Therefore, a harmonic potential Ubarr is added to suppress these

unphysical intermediate states

Ubarr(λi) = −4β
(
λi −

1
2

)2
(1.8)

where β specifies the barrier height and thus controls the fraction of intermediate λ values.

UpH(λi) provides the free energy required to maintain the protonation equilibrium at a

different solution pH and is given by

UpH(λi) = ln(10)kBT(pH −pKa
mod)λi, (1.9)

where pKmod
a is the experimentally determined model compound pKa in solution.

Uhybr({ra}, {θi}) in Equation 1.3 is the key to enable the coupling between the confor-

mational and titration coordinates. In Hybrid-CpHMD, the titration-dependent Uhybr({ra}, {θi})

contains van der Waals, Coulombic, and the the GB electrostatic solvation energy

Uhybr({ra}, {θi}) =UvdW({ra}, {θi})+Uelec({ra}, {θi})+UGB({ra}, {θi}). (1.10)

To account for titration dependence, the atomic partial charges on the titrating residues are

linearly interpolated between the protonated and deprotonated states for the Coulombic and

GB electrostatics

q j(λ) = (1−λi)q
prot
j +λiq

unprot
j . (1.11)
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The details of GB electrostatics will be discussed in section 1.3.2. While for van der Waals,

the potential is directly scaled

UvdW
j = (1−λi)UvdW

j . (1.12)

In the CpHMD approach, the deprotonation free energy of a titration site will shift due

to the perturbation from environment (e.g. nearby charged groups). On way to estimate the

shift of deprotonation free energy is calculating the difference between the deprotonation

of the titratable site in the simulating environment (∆Gsim
env) and in solution (∆Gsol

env). The

linkage between experimental and calculated deprotonation free energy can be written as

∆Gexp
env −∆Gexp

sol ≈ ∆Gsim
env −∆Gsim

sol . (1.13)

If both sides are equivalent in Equation 1.13, the calculated pKa will be exactly the same as

experimental pKa. In order to estimate ∆Gexp
env , the pH-dependent free energy of the model

compound in solution (∆Gexp
sol ) is moved to the right side of Equation 1.13,

∆Gexp
env ≈ ∆Gsim

env −∆Gsim
sol +∆Gexp

sol . (1.14)

∆Gsim
sol , ∆Gexp

sol , and ∆Gsim
env correspond to model compound PMF (Umod), the pH-bias (UpH),

and hybrid-energy term (Uhybr), respectively. One presumption here is that the energy of

bond breaking is the same in either the simulating environment or solvent so they can cancel
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out each other. Finally, pKa is related to ∆Gexp
env by

pKa =
1

ln(10)RT
∆Gdeprot. (1.15)

By running simulations at various pH values, the fraction of the deprotonated state can be

calculated and fitted into a titration model to get pKa.

1.3.2 Generalized Born Implicit Solvent Model

Since Hybrid-solvent CpHMD using the generalized Born (GB) model is the main tech-

nique used in this dissertation, the GB model is presented here. The GB model is an ap-

proximate method to calculate the electrostatic solvation free energy ∆Gsolv with much

smaller computational cost relative to the Possion Boltzmann equation (71).

In the GB model, ∆Gsolv is given by

∆Gsolv = −
1
2

(
1−

1
εw

) ∑
i, j

qiq j

fGB
(1.16)

where qi and q j are the atomic partial charges, εw is the solvent dielectric constant, and fGB

is an interpolation formula that behaves as a radially dependent dielectric function. When

the separation distance between atoms is large, fGB simply adopt the form of interaction

distance ri j . But for the separation distance close to the “effective Born radii”, fGB needs

to be interpolated. The most common interpolation was proposed by Still et al. (72),

following the form

fGB(ri j) =

√
r2
i j +Ri Rjexp(−r2

i j/4Ri Rj) (1.17)
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where Ri and Rj are the “effective Born radii” and ri j is the interaction distance. With

accurate Born radii, it has been reported that GB model can well reproduce the Poisson

energy (48, 73, 74). The calcultion of the “effective Born radius” varies among different

GB models but the basic idea is to integrate the volume within molecular surface while

excluding the volume of the atom itself, i.e.,

1
Ri
=

1
ai
−

1
4π

∫
in,r>ai

1
r4 dV . (1.18)

In the Generalized Born model with a Simple sWitch function (GBSW) utilized by Hybrid-

solvent CpHMD, effective Born radii α is calculated through the self-energy variant (i.e.

i= j) using Equation 1.16,

∆Gsolv = −
1
2

(
1−

1
εw

)
q2
α

α
. (1.19)

Since most biological processes occur in the solution with ions. In order to consider the

salt screening effect, the Debye-Hückel term (50, 75) is plugged into Equation 1.16 by

replacing (
1−

1
εw

)
(1.20)

with the Debye-Hückel term: (
1−

exp(−κri j)

εw

)
(1.21)

where

κ =
√

2IF2ε0εRT, (1.22)

and I is the ionic strength, F is Faraday’s constant, R is the ideal gas constant, T is the
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absolute temperature in K, ε0 is the vaccum permittivity, and ε is the relative dielectric

constant of the surrounding medium.

1.4 pHMD in Drug and Biomaterial Design

pHMD has been widely applied to many proton-coupled chemical and biological sys-

tems, such as conformational dynamics (76, 77), protein-protein interaction (78), protein

folding (79), osmolyte-RNA interaction (80), self-assembly and phase transition of surfac-

tants (81, 82), peptides (83) and polysaccharides (84), and proton channels and transporters

(68–70). Since this dissertation focuses on pharmaceutical and biomaterial design, only the

relevant applications of pHMD will be discussed here.

1.4.1 Drug Design

Designing inhibitors to block health related enzymes is a critical method in drug delvel-

opment. As enzyme activities are mostly pH-dependent, it is crucial to take pH into consid-

eration. For example, Chu et al. utilized DpHMD to investigate two critical proteins, odor-

ant binding protein of Aedes aegypti (85) and Culex quinquefasciatus (86) for mosquito

population control. Both proteins displayed pH-dependent conformational changes and

pH-induced ligand-releasing mechanism. Furthermore, the pH-sensing residues were also

identified by DpHMD. These results could help the design of novel mosquito’s attractants.

Another example is related to human immunodeficiency virus (HIV). HIV infection

leads to acquired immune deficiency syndrome (AIDS), which has no cure to date. One po-

tential target is the HIV-1 protease (HIVPR) which plays a critical role in virus maturation.
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The catalytic pocket of HIVPR contains two closely coupled aspartic acids. Therefore, cor-

rectly modeling the protonation states of aspartates is essential for HIVPR inhibitor design.

By using DpHMD with pH-REX, the catalytic aspartate dyad were suggested to be mono-

protonated (one protonated while the other one deprotonated) for both the apo and bound

forms of HIVPR within the active pH range (87). In addition, DpHMD also demonstrated

the protonation state of the catalytic dyad modulates the opening of catalytic pocket and

substrate binding (88).

β-site amyloid precursor protein clevage enzyme (BACE1) is an important target for

Alzheimer’s disease, so many efforts have been made in the past two decades to design

BACE1 inhibitors. BACE1 is also a model system used in this dissertation. Similar to

HIVPR, the catalytic site of BACE1 contains two aspartic acids to conduct general acid-

base reaction and should also be monoprotonated to catalyze the cleavage of amyloid pre-

cursor peptide. Since the catalytic dyad is tightly coupled, it is challenging to predict their

pKa’s. Ellis and Shen utilized Hybrid-solvent CpHMD and correclty predicted the direc-

tions of the ∆pKa as well as the relative order (89). They have also revealed that the flap

in BACE1 controlls the opening of the binding pocket in a pH-dependent manner. These

examples demonstrate the utility of pHMD to explore the pH-dependent enzyme dynamics

and enzyme-inhibitor interactions.

1.4.2 Biomaterial Design

In material field, pHMD is used to investigate many critical properties such as confor-

mational space (90), pKa (91, 92), and pH-dependent interaction (92–94). One example is

peptide amphiphiles (PAs) that have terminal groups covalently linked to a long hydropho-
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bic tails. In the past decade, many studies treated PAs as building block for nanoma-

terials because the controllable self-assembly characteristic (95). Cote and Shen (83) uti-

lized CpHMD with pH-REX to investigate the self-assembly process of peptide amphiphile

nanofibers. Their data identified the pKas of key residues determines the pH condition for

the transition from nanofiber to micelle.

The other example of pH-dependent biomaterial which also investigated in current dis-

sertation is chitosan. Chitosan is composed by N-acetylglucosamine and the pH-dependent

solubility is given by the primary amine groups on glucosamine units. At low pH, the

amine groups become charged which makes chitosan chain soluble. As pH rises, the amine

groups become neutral and the chitosan chains are able to form aggregates or hydrogel via

self-assembly process. Morrow and Shen calculated the pKa of chitosan crystallite with

Hybrid-solvent CpHMD. The resulting pKa reproduces the experimental pKa. They also

observed the pH-induced dissociation of the chitosan crystallite and concluded the disso-

ciation is related to the disruption of hydrogen bonds and absorption of water molecules.

These studies showed the ability of CphMD for material design.

1.5 Summary of Dissertation Content

In this dissertation, we focused on the development and applications of Hybrid-solvent

CpHMD in drug (Chapter 2 to 4) and biomaterial (Chapter 5 to 6) design. In the first part

of Chapter 2, two real cases of BACE1 inhibitor were used to demonstrate the potential

of CpHMD in inhibitor screening. With highly similar chemical warheads, these BACE1

inhibitors have more than twenty five fold difference on the inhibition ability. In addi-
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tion, crystal structures also showed identical binding pose to the BACE1 catalytic residues.

Our results indicated subtle differences on partial charges and functional groups have huge

impact on inhibition ability. Furthermore, the inhibitors were also titrated and the data

showed inhibitor protonation state change can also affect the potency. In summary, these

results highlighted the potential of CpHMD in inhibitor screening and optimization.

Next, we addressed the other critical issue, selectivity, for inhibitor design by Hybrid-

solvent CpHMD in the later part of Chapter 2. We took one BACE1 inhibitor as a model

system. The inhibitor of interest failed in clinical trail due to the side effect arising from

off-target binding. To solve the issue, a new protocol that combined CpHMD and free

energy perturbation (FEP) to compute the pH-dependent binding free energy profiles was

tested. Strikingly, the binding free energy difference between main- and off- targets at

active pH has good agreement with the experimental data. Lastly, this new protocol allows

us to evaluate the residue-based contribution to the pH-dependent free energy. The data

highlighted one histidine might serves as allosteric site to control the hydrophobic contact

between ligand and protein. Overall, the proposed protocol successively predicted the pH-

dependent binding free energy profiles and provided novel insights for inhibitor design.

In Chapter 3, Src kinase was simulated by Hybrid-solvent CpHMD with pH-REX. Ki-

nases are one of the largest protein families in human body and control many biological

processes such as signal transduction, cell proliferation, and cellular transport. Mutation of

misregulation of kinases could eventually lead to cancer. Designing inhibitors for kinases

become promising routes for cancer treatment. Since the kinase activation and catalysis

sites are highly flexible, understanding the conformational dynamics become critical for

kinase inhibitor design. With CpHMD, we are able to observe the full activation process
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of Src kinase. Furthermore, to our knowledge, this is the first simulation that activates Src

kinase without introducing any bias potential or mutation. The activation process showed

highly pH-dependency and novel intermediate states at high pH were found. Brief sum,

these data demonstrated the enhance sampling ability of Hybrid-solvent CpHMD with pH-

REX.

The other major topic in the dissertation is chitosan-based hydrogel. In Chapter 4, we

employed conventional MD to explore how the environmental conditions such as pH and

salt concentration impact the flexibility of chitosan chain. At low pH, our data suggested

charged chain become rigid due to charge-charge repulsive force between charged amine

groups. Adding salt enhances the flexibility of chitosan chain because the salt ions can

screen out the repulsive forces. Despite the screening effect, our data also indicated salt

ions disrupted the inter-molecular hydrogen bonds that largely restrain the conformation of

glycosidic bonds.

Lastly, chitosan hydrogel dopped with SDS micelles will shift the mechanic propertie

from elastic to viscoelastic. Moreover, the process is switchable at different pH conditions.

In Chapter 6, we explored atomic-level mechanism for the switchable behavior of chitosan-

SDS hydrogel by MD and CpHMD. Our data indicated that the interactions between SDS

micelles and chitosan chains are dynamics and pH-dependent. The salt bridges between

SDS head groups and chitosan amine groups are the key factor for pH-dependency. Fi-

nally, we demonstrated that chitosan pKa difference between pure chitosan hydrogel and

chitosan-SDS hydrogel allows the creation of hybrid hydrogel without the maintenance of

pH gradient.
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Chapter 2

Advancing inhibitor design targeting aspartyl proteases

This chapter has two parts. The study of BACE1 binding with two small-molecular in-

hibitors (section 2.1) was carried out in collaboration with Dr. Fang-Yu Lin who developed

the force field parameters for one of the inhibitors and Dr. Christopher Ellis who helped

analyze the data and write the manuscript. The study that tested a new protocol to calcu-

late pH-dependent binding free energies (section 2.2) was carried out in collaboration with

Dr. Robert Harris who performed the free energy simulations, helped analyze the data and

write the manuscript.

2.1 Constant pH Molecular Dynamics Reveals pH-modulated Binding

of Two Small-Molecule BACE1 Inhibitors1

2.1.1 Abstract

Targeting BACE1 with small-molecule inhibitors offers a promising route for treat-

ment of Alzheimer’s disease. However, the intricate pH dependence of BACE1 function

and inhibitor efficacy has posed major challenges for structure-based drug design. Here

we investigate two, structurally similar BACE1 inhibitors that have dramatically different

binding affinity and inhibitory activity using continuous constant pH molecular dynam-

ics (CpHMD). At high pH, both inhibitors are stably bound to BACE1, however, within

1Reprinted with permission from Ellis, C, R., Tsai, C.-C. and Shen, J., Constant pH Molecular Dynamics
Reveals pH-modulated Binding of Two Small-Molecule BACE1 Inhibitors. J. Phys. Chem. Lett., 2016, 7,
944-949. Copyright (2016) American Chemical Society
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the enzyme active pH range, only the iminopyrimidinone-based inhibitor remains bound,

while the aminothiazine-based inhibitor becomes partially dissociated following the loss

of hydrogen bonding with the active site and change of the 10s loop conformation. The

drastically lower affinity of the second inhibitor is due to the protonation of a catalytic as-

partate and the lack of a propyne tail. This work demonstrates that CpHMD can be used

for screening pH-dependent binding profiles of small-molecule inhibitors, providing a new

tool for structure-based drug design and optimization.

2.1.2 Introduction

β-secretase (BACE1), a leading therapeutic target for treating Alzheimer’s disease (AD),

is one of the two aspartic proteases that cleave the amyloid precursor protein to produce the

β-amyloid peptide (Aβ). Subsequent oligomerization and fibrillation of Aβ lead to neuritic

plaques which are linked to the onset of AD (96). Since the discovery of BACE1 over a

decade ago, hundreds of inhibitors have been developed, however, none have passed the

FDA required clinical trial process and entered the market (97). The first generation of

designed inhibitors are peptide-like transition-state analogs, which demonstrated excellent

in vitro binding affinity for BACE1, however, high molecular weight, polarity and flex-

ibility as well as numerous hydrogen bond donors and acceptors reduce their ability to

penetrate the blood-brain barrier (BBB) to reach the central nervous system where BACE1

resides (98). Therefore, in more recent years, small-molecule inhibitors have emerged as a

promising route for treatment and prevention of AD (98).

BACE1 is a monomeric protein localized in the acidic endosome and trans-Golgi appa-

ratus (97). The catalytic domain of BACE1 contains a catalytic dyad, Asp32 and Asp228,
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which respectively act as a generalized acid and base to catalyze peptide hydrolysis (99).

Three key regions in the structure of BACE1 must be considered when designing inhibitors

(Figure 2.1A). First, the aspartic dyad directly interacts with inhibitors via hydrogen bonds

and/or salt bridges. Generally, peptidomimetic compounds contain a hydroxyl group that

forms a hydrogen bond with the active site, while small-molecule inhibitors contain a basic

amine site with a pKa greater than 6 that forms a salt bridge/hydrogen bond with one of the

catalytic aspartates. Second, the flap, a β-hairpin loop spanning residues Tyr68 to Glu77,

lies directly over the catalytic dyad and can open and close at room temperature to allow

substrate and inhibitor access to the active site (89, 98). Finally, the 10s loop, a β-hairpin

loop with Ser10 at the tip, can adopt an “up” or “down” conformation, modulating the ac-

cessibility of an additional binding pocket, which further impacts the inhibitor effectiveness

(100).

Recently, heterocycles that contain a basic amine site, positively charged in the enzyme

active pH range (103) to engage the negatively charged aspartyl dyad, have emerged as a

leading scaffold for designing potent, selective BACE1 inhibitors (98). These heterocycles

are often referred to as the aspartyl binding motif (ABM). However, determining the opti-

mal pKa of the basic amine has been a formidable task. While very high basicity (pKa>9)

increases the likelihood of the salt-bridge formation with the aspartyl dyad, it decreases

brain permeability and thus lowers in vivo efficacy (104, 105). Conversely, inhibitors with

low basicity (pKa∼5.5), although more able to cross the BBB, are not active under mildly

acidic conditions (such as pH 6.5) (106).
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Figure 2.1: Structures of BACE1 and the two small-molecule inhibitors. A. BACE1 in
complex with inhibitor 1 (PDB ID 4FRS (101)). The inhibitor, catalytic dyad, flap, and
10s loop are shown in yellow, orange, red, and blue, respectively. B. Iminopyrimidinone-
based inhibitor 1 discovered by Merck (MK8698) (101). C. Aminothiazine-based inhibitor
2 discovered by Eli Lilly (LY2811376) (102). The two endo- and exocyclic amines on
the ABM are highlighted by a red rectangle. The nitrogen on the pyridine/pyrimidine ring
(titratable in the simulations) is indicated by a blue circle. Experimental cell IC50 values
for 1 and 2 are taken from ref (101) and ref (102), respectively. Experimental pKa’s refer
to those of the endocyclic amine group of the ABM: 1 is taken from ref (101), while 2 was
obtained by capillary electrophoresis experiments (see Methods and Protocols).

2.1.3 Methods and Protocols

Continuous constant pH molecular dynamics (CpHMD) simulations (3, 33) with a

hybrid-solvent scheme and pH replica-exchange protocol (65) were performed on BACE1
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in complex with inhibitors 1 and 2 starting from the respective crystal structures (PDB ID

4FRS (101) and 4YBI (102)) using CHARMM (version C37b) (21). The CHARMM22/CMAP

all-atom force field (8, 23) was used to represent BACE1, while the force field parameters

for the inhibitors were obtained in house following the protocol of CHARMM General

Force Field (CGenFF) (18). Each system was simulated using 20 pH replicas in the pH

range 1.3–8. Each BACE1 complex was simulated for 26 ns per replica under NPT con-

ditions, resulting in a total simulation time of 520 ns. The last 18 ns per replica (360 ns

in total) were used for analysis. Other simulation parameters and setting were identical to

those in our previous work (89). The titratable sites include all Asp, Glu and His residues

on the protein and the amine group on the pyridine/pyrimidine ring of the inhibitor (see

Table 2.1 for all calculated pKa’s). The model pKa’s for Asp, Glu and His are 4.0, 4.4,

and 6.5, respectively, (65) while those for inhibitor 1 and 2 are 2.9 and 3.7, respectively.

The latter pKa’s were estimated using the program MoKa. (107) The pKa measurements

for the inhibitors were conducted using capillary electrophoresis experiment following the

protocol from ref. (108).

2.1.4 Results and Discussion

In this work we investigate two potent drug-like BACE1 inhibitors. Inhibitor 1 (101)

closely resembles the Merck inhibitor MK8931 currently under phase 2/3 clinical trial, (97)

while inhibitor 2 was discovered by Eli Lilly and tested in preclinical animal models and

humans but discontinued due to retinal toxicity (102). Recently, structure-based optimiza-

tion has been applied to 2 by Pfizer in an effort to reduce toxicity (109, 110). Both inhibitors

occupy the same binding pockets and more importantly, they contain a six-membered ABM
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Table 2.1: Calculated pKa values from the simulations of BACE1 complexed with inhibitor
1 and 2.

Asp 1 2 Glu 1 2 His 1 2
Res pKa pKa Res pKa pKa Res pKa pKa
4 5.5 5.3 1 3.7 3.5 45 7.0 7.1
32 2.5 3.7 17 3.5 3.6 49 7.1 7.0
62 2.6 2.5 77 4.4 4.3 89 8.3 8.0
83 3.9 3.5 79 3.8 3.7 145 6.6 6.7

106 2.8 2.8 104 3.7 3.7 181 7.2 7.1
130 4.1 3.8 116 5.3 5.2 360 4.9 2.8
131 3.3 3.3 125 4.0 3.9 362 >8 >8
138 <1.3 <1.3 134 3.3 3.1
180 3.8 3.8 165 4.4 4.2
212 1.4 1.8 196 2.9 3.0
216 2.8 2.8 200 5.2 5.3
223 3.6 3.3 207 2.1 2.1
228 2.3 2.0 219 3.2 3.3
259 3.0 3.0 242 3.1 3.2
311 3.6 4.0 255 4.5 4.3
317 5.3 4.7 265 4.2 4.2
318 5.6 5.7 290 2.9 2.9
346 4.0 4.0 310 2.9 2.9
363 2.2 3.4 339 5.1 5.2
378 4.9 5.0 364 4.1 4.2
381 3.4 3.7 371 3.1 3.2

380 3.5 3.5
Inhibitor 1 2

2.9 4.2

Column names 1 and 2 indicate BACE1 complexed with 1 and 2, respectively.

that forms bidentate hydrogen bond interactions with the catalytic dyad via the endo- and

exocyclic amines (Figure 2.2A and 2.2B). Note that, with the pKa’s of 7.5 and 8.7 for 1 and

2, respectively (Figure 2.1B and 2.1C), the endocyclic amines are charged in the BACE1

active pH range (103, 111). Interestingly, despite having similar structure and nearly iden-

tical binding modes, the in vitro binding affinity and in vivo inhibitory activity of the two

inhibitors are dramatically different. The IC50 values of 2 is 30 fold higher than 1 (Fig-
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ure 2.1B and 2.1C). Curiously, however, the pKa of 2 is 1.2 units higher than that of 1,

which, according to the current consensus based on chemical intuition, (98, 106) should

make 2 a stronger binder. Thus, there is no intuitive explanation for the significantly lower

affinity of 2.

To explore the interactions of the two inhibitors with BACE1 in the enzyme active pH

range, we performed constant pH molecular dynamics (pHMD) simulations starting from

the crystal structures of BACE1 complexed with 1 and 2 (PDB ID 4FRS (101) and 4YBI

(102), respectively). Previous pHMD simulations and Born approximation methods have

been utilized to predict shifts in the BACE1 catalytic dyad pKa with neutral peptide-like

inhibitors, while this work considers charged small molecules that change protonation state

as a function of pH (89, 112–114). Based on discrete (2, 41, 45, 115) or continuous vari-

ables (3, 33, 116) to represent protonation states, pHMD enables ionizable sites of proteins

and/or other solutes to simultaneously change protonation states in response to conforma-

tional dynamics at a specified solution pH, thus extending the commonly simulated NPT or

NVT ensemble to include a constant pH condition. Here we employed continuous constant

pH molecular dynamics (CpHMD) (3, 33) with a hybrid-solvent scheme and pH replica-

exchange (65). The hybrid-solvent CpHMD method makes use of accurate conformational

sampling in explicit solvent and efficient calculation of solvation free energies with the

generalized Born implicit-solvent model (65). Combined with the pH replica-exchange

sampling protocol, (65) it offers accurate pKa convergence on the order of 1 ns per pH

replica, (65) in particular for interior sites of proteins that are notoriously challenging to

predict with static structure-based electrostatics methods (76, 117). A benchmark study

showed that hybrid-solvent CpHMD can predict the pKa’s of enzyme catalytic sites with
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a correct order and accuracy of about 1 pH unit (65). Most recently, we applied hybrid-

solvent CpHMD to study the apo form of BACE1, revealing a pH-dependent population

shift between three conformational states that gives rise to the bell-shaped pH profile of

the enzymatic activity. In this work, we demonstrate that subtle differences in the titration

behavior of the BACE1-inhibitor complex can lead to drastically different binding behavior

within the enzyme active pH range. Such knowledge has been lacking although it is crucial

for the design and optimization of BACE1 inhibitors.

BACE1 functions within a narrow pH range (3.5-5.5)(103, 111) and hydrolyzes peptide

bonds via a general acid-base mechanism (98). The experimentally determined pKa’s of

the acidic and basic components of the catalytic dyad are 5.2 and 3.5, respectively (99).

Therefore, within the BACE1 active pH range, the catalytic dyad is likely to be in the

monoprotonated state. Our previous simulation of apo BACE1 using the hybrid-solvent

CpHMD gave the calculated pKa of 4.1 for Asp32 and 1.9 for Asp228, about one pH unit

below the experimentally determined values (89). Accordingly, the simulated pH range of

BACE1 where the catalytic dyad is in the monoprotonated state is 2.5–4.5 in the simulation.

To account for the systematic deviation, we will adopt the simulated active pH range in

the remainder of the discussion. Importantly, adoption of the simulated active pH range

instead of the experimentally determined active pH range does not impact the results. The

simulated active pH range is used as a guide for the simulated pH condition that likely

represents the active form of BACE1.

We first consider the protonation states of Asp32 and Asp228. The active site of BACE1

is mostly hydrophobic and no charged or titratable residues are with 8 Å of the dyad, there-

fore, shifts in the catalytic dyad pKa’s are predominately effected by the positive charge of
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the inhibitors. When BACE1 is bound to a basic inhibitor, the pKa of Asp32 is expected to

shift down as the hydrogen bond/salt bridge with the positively charged endocyclic amine

stabilizes the charged state. This is indeed the case when BACE1 is bound with 1: the pKa

of Asp32 is lowered significantly from the apo-state value of 4.1 to 2.5 (Figure 2.2C, blue).

However, binding with 2 produces a negligible pKa shift: the pKa is lowered only by 0.4

unit to 3.7 (Figure 2.2C, red). Thus, in the active pH range, Asp32 becomes deprotonated

in the presence of 1; however, it remains partially protonated in the presence of 2. In con-

trast to Asp32, neither inhibitor significantly impacts the titration behavior of Asp228: the

pKa’s are 2.3 and 2.0 in the presence of 1 and 2, respectively (Table 2.1). Thus, Asp228

remains completely deprotonated in the active pH range. This indicates that the hydro-

gen bond between Asp228 and the neutral exocyclic amine group of the two inhibitors has

approximately the same strength.

Next, we examine the most important BACE1-inhibitor interactions, i.e., the hydro-

gen bonds between the catalytic aspartates and the endo- and exocyclic amine groups on

the ABM. Above the active pH range, both inhibitors form stable hydrogen bonds with

the aspartyl dyad, as evident from the high percentage of hydrogen bond occupancy (Fig-

ure 2.2D). The hydrogen bond between the endocyclic amine group and Asp32 is particu-

larly strong, as it is also a salt bridge due to the charge on both groups. However, within the

active pH range, the occupancy of the hydrogen bonds between 2 and the aspartate dyad

decreases sharply as pH is lowered (Figure 2.2D, red). In contrast, the hydrogen bonds be-

tween 1 and the catalytic dyad remain almost completely intact within the active pH range

(Figure 2.2D, blue). Interestingly, the shape of the pH-dependent hydrogen bond occu-

pancy is nearly identical as the pH-dependent unprotonated fraction of Asp32 in the active
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Figure 2.2: Titration of the BACE1 catalytic dyad affects the interaction with inhibitor. A
and B. Inhibitors 1 and 2 interacting with the catalytic dyad. The solid and dashed lines
depict hydrogen bonds with Asp32 and Asp228, respectively. C. Unprotonated fractions of
Asp32 at different pH. Simulations of BACE1 complexed with 1 and 2 are shown in blue
and red, respectively. The curves are the best fits to the Hill equation. The black dashed
curve represents the apo BACE1 simulation. The simulated active pH range of apo BACE1
is indicated by the grey area. (89) D. pH-dependent occupancy of the hydrogen bonds with
Asp32 (solid) and Asp228 (dashed). A hydrogen bond was considered to be present if the
heavy atom donor-acceptor distance was below 3.5 Å and the acceptor-donor-H angle was
less than 30◦. E. pH-dependent hydration number of Asp32. Hydration number refers to
the number of water molecules within the first solvation shell, defined as any water oxygen
within 3.5 Å of the carboxylate oxygens of Asp.

pH range. Note, Asp228 is always deprotonated in this pH range. Thus, the data suggests

that, in the presence of 2, Asp32 becomes protonated in the active pH range, destabilizing

the hydrogen bond with the inhibitor. As expected, the hydrogen bond occupancy is cor-

related with the hydration number of the active site. Within the active pH range, breakage

of the hydrogen bond between 2 and Asp32 leads to entrance of water molecules to the
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active site (Figure 2.2E, red). In contrast, when BACE1 is complexed with 1, the active site

remains dry in the entire active pH range (Figure 2.2E, blue).

r r

A

B

C

Bound Unbound

r

Bound

r

Unbound

Figure 2.3: pH-dependent binding of each inhibitor to BACE1. A. A bound configuration
of 2 with BACE1. B. An unbound configuration of 2 with BACE1. C. Population of the
bound configurations as a function of pH. The simulations in the presence of 1 and 2 are
shown in blue and red, respectively.

The breakage of the hydrogen bonds and entrance of water into the active site is an in-

dication of dissociation of inhibitor 2 from BACE1. To quantify the degree of dissociation,

we calculated the fraction of bound configurations as a function of pH. A bound configura-

tion is considered formed when the distance between the endocyclic nitrogen of the ABM

and the carbonyl carbon of Asp32 is less than 4 Å. Above the active pH range, both in-

29



hibitors are largely bound (Figure 2.3A and 2.3C). However, in the active pH range, only

1 remains bound, while the fraction of bound configurations in the presence of 2 sharply

decreases as pH is decreased. At the most active pH (3.5) of BACE1, less than 25% of

2 is bound (Figure 2.3B and 2.3C). The pH-induced dissociation of 2 is a consequence of

the protonation of Asp32 and offers an explanation for the significantly reduced binding

affinity and activity of 2 when measured under the most active pH condition of the enzyme

(101, 102). We note that, since dissociation of the inhibitor occurs on a longer time scale

compared to our limited simulation length, the fraction of unbound configurations shown in

Figure 2.3C is likely not quantitative. However, a quantitative prediction of binding affin-

ity is not in the scope of the current work as the simulation length required for absolute

convergence of the entire ensemble of unbound configurations is prohibitively expensive.

Rather, our focus here is to provide a method for screening pH-dependent binding profiles

of small-molecule inhibitors. Importantly, within the 18 ns of simulation, individual repli-

cas undergo unbinding and binding events as they walk through pH space, this would likely

be missed by performing conventional MD simulations with fixed protonation states.

Examination of the ABM suggests two possible factors contributing to the different

protonation behavior of Asp32 in the presence of 1 and 2. First, the presence of the ex-

ocyclic methyl group in the ABM of 1 provides steric hindrance for water to access the

active site, thus stabilizing the hydrogen bonds between the endo- and exocyclic amine

groups and Asp32 (Figure 2.2A, blue line) and making the deprotonated state of Asp32 fa-

vorable. Second, the partial negative charge (-0.33) of the sulfur atom on the ABM of 2 (6

Å from Asp32, Figure 2.2B) makes the deprotonation of Asp32 unfavorable. In contrast, at

the same position in the ABM of 1, the methyl amine group is nearly neutral (+0.02) with a

30



positive partial charge on the methyl group (+0.11). Thus, despite the fact that inhibitor 1 is

less basic (measured pKa of 7.5) than 2 (measured pKa of 8.7), the pKa of Asp32 is shifted

lower in the presence of 1, which makes the catalytic dyad di-deprotonated in the active pH

range and enhances the electrostatic attraction with the positively charged inhibitor. No-

tably, neither inhibitor interacts with other charged or titratable residue in both the bound

and unbound configurations.

Thr232

Ser10

10s loop down

10s loop up

Thr232

C

DB

A

Ser10

Figure 2.4: Inhibitor 2 competes with the 10s loop for the interaction with Thr232. A.
Binding mode of 2 at high pH. The 10s loop and flap are shown in blue and red, respectively.
Ser10 forms a hydrogen bond with Thr232, and the 10s loop is down. B. Binding mode
of 2 at low pH. A hydrogen bond is formed between Thr232 and the pyrimidine nitrogen
of 2, and the 10s loop is up. C. pH-dependent hydrogen bond occupancy. The hydrogen
bond between Thr232 (hydroxyl) and Ser10 (backbone carbonyl) is shown in orange, while
that between Thr232 (hydroxyl) and the pyrimidine nitrogen of 2 is shown in red. D.
Unprotonated fraction of the pyrimidine nitrogen of 2 at different pH. The solid curve is
the best fit to the Hill equation.

Finally, we test a hypothesis that correlates the position of the 10s loop with inhibitor

efficacy. Surveys of inhibitor-bound BACE1 crystal structures showed that the 10s loop

adopts either “up” or “down” conformation (100). In the 10s-down conformation, Ser10

can form a hydrogen bond with Thr232 (Figure 2.4A), while in the 10s-up conformation,
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Ser10 is distant from Thr232 (Figure 2.4B). Based on a series of tertiary carbinamine de-

rived compounds, McGaughey et al. hypothesized that inhibitors that form favorable inter-

actions with Thr232 may disrupt the hydrogen bond between Thr232 and Ser10, effectively

locking the 10s loop in the up configuration and increasing the binding interactions (100).

To test this hypothesis, we calculated the hydrogen bond occupancy of Thr232 with

Ser10 and the inhibitors. In the simulation of BACE1 complexed with 1, the pyridine ring of

the inhibitor can not reach Thr232 due to the steric hindrance by the alkyne tail and does not

modulate the 10s conformation. In contrast, in the simulation of BACE1 complexed with 2,

the lack of alkyne group allows its pyrimidine ring to approach Thr232 in a pH-dependent

manner. Above the enzyme active pH range, Thr232 can form a hydrogen bond with Ser10

(about 25%) but not with 2 (Figure 2.4C), and 10s loop is mostly down, consistent with

the X-ray crystal structure, which was obtained at pH 7.4 (PDB ID 4YBI). Interestingly,

as pH decreases in the active pH range, the hydrogen bond occupancy for Ser10 sharply

decreases, whereas that for the inhibitor sharply increases until it plateaus at around pH

3.5, corresponding to the most active pH of BACE1 (Figure 2.4C). The formation of the

latter hydrogen bond can be attributed to the protonation of the pyrimidine nitrogen (Figure

2.4D), enabling it to donate a hydrogen to Thr232 effectively locking the 10s loop in the

up configuration (Figure 2.4B). Thus, together with the earlier analysis showing that 2

becomes partially detached from BACE1 in the active pH range, these data support the

hypothesis that inhibitors that compete with Ser10 to form a hydrogen bond with Thr232

decrease binding interactions with the catalytic dyad.
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2.1.5 Conclusion

In summary, constant pH molecular dynamics simulations revealed that, despite having

a similar structure and nearly identical binding modes, inhibitors 1 and 2 exhibit different

pH-dependent interactions with BACE1. Within the enzyme active pH range, 2 shows

disrupted hydrogen bonds with the catalytic dyad in favor of hydrogen bond with Thr232.

The former is due to the protonation of Asp32, which decreases the attraction to the charged

aminothiazine ring. The hydrogen bonding with Thr232 is due to the lack of a propyne tail

(present in 1), which allows the pyrimidine ring to move closer and donate a hydrogen from

the protonated amine effectively forcing the 10s loop to the up position. Together, these

changes lead to a significantly lowered binding affinity of 2 in the BACE1 active pH range,

consistent with the drastically higher IC50 value.

Our work demonstrates how mutual interactions between BACE1 and inhibitors result

in subtle changes in the protonation states which in turn alters the binding interactions

and strength. Thus, obtaining a detailed knowledge of the pH-dependent conformational

dynamics and protonation-state changes of protein-small molecule complexes is crucial for

designing potent, selective inhibitors of BACE1 and other enzymes that contain titratable

catalytic sites and function over a narrow pH range. CpHMD can be used for illuminating

pH-dependent dynamic details and screening pH profiles of small-molecule binding, thus

providing a unique new tool for structure-based drug design and optimization.
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2.2 Proton-Coupled Conformational Allostery Modulates the Inhibitor

Selectivity for β-secretase1

2.2.1 Abstract

Many important pharmaceutical targets, such as aspartyl proteases and kinases, exhibit

pH-dependent dynamics, functions and inhibition. Accurate prediction of their binding

free energies is challenging because current computational techniques neglect the effects

of pH. Here we combine free energy perturbation calculations with continuous constant pH

molecular dynamics to explore the selectivity of a small-molecule inhibitor for β-secretase

(BACE1), an important drug target for Alzheimer’s disease. The calculations predicted

identical affinity for BACE1 and the closely-related cathepsin D at high pH; however, at

pH 4.6 the inhibitor is selective for BACE1 by 1.3 kcal/mol, in excellent agreement with

experiment. Surprisingly, the pH-dependent selectivity can be attributed to the protonation

of His45, which allosterically modulates a loop–inhibitor interaction. Allosteric regulation

induced by proton binding is likely common in biology; considering such allosteric sites

could lead to exciting new opportunities in drug design.

2.2.2 Introduction

The β-site amyloid precursor protein cleavage enzyme (β-secretase or BACE1) is a

major drug target for treating Alzheimer’s disease (98). BACE1 belongs to the broad

aspartyl protease family; therefore selectivity is a major challenge in designing effica-

1Reprinted with permission from Harris, R, C., Tsai, C.-C., Ellis, C, R. and Shen, J., Proton-Coupled
Conformational Allostery Modulates the Inhibitor Selectivity for β-secretase. J. Phys. Chem. Lett., 2017, 8,
4832-4837. Copyright (2017) American Chemical Society

34



cious inhibitors. In particular, cathepsin D (CatD) shares a similar structure with BACE1

(Figure 2.5), and its inhibition was linked to retinal toxicity (102, 109). In recent years,

computational drug design methods using free energy perturbation (FEP) based free en-

ergy calculations have enjoyed success for some target systems (118–121). Given the

clinical significance of BACE1, using these methods to help design selective inhibitors

seems an attractive idea; however, current FEP-based methods neglect the effects of pH

and protonation-state changes and given that BACE1 exhibits significant pH dependence

in conformational dynamics (89) and substrate/inhibitor binding (103, 111, 122, 123), it is

unclear how these methods will perform. In addition to BACE1, many drug targets are pH

sensitive. For example, activation of kinases depends on protonation-state changes (124),

and small-molecule binding to kinases involves titratable residues (125). Thus, develop-

ing a protocol that can accurately account for pH effects and protonation-state changes in

free-energy calculations is highly desirable.

Prompted by the above challenge, we applied a protocol that combines the FEP-based

double decoupling scheme with continuous constant pH molecular dynamics (CpHMD)

(38, 65) and the Wyman linkage equation (126) to the calculation of the binding free en-

ergies of BACE1 and CatD to a small-molecule inhibitor LY2811376 (102). We aimed to

test if such a protocol can accurately predict the pH-dependent binding free energies and

inhibitor selectivity, which would be useful in structure-based drug design for important

pharmaceutical targets, such as aspartyl proteases and kinases. The results suggest that the

pH-dependent contributions are responsible for the experimentally observed selectivity of

LY2811376 for BACE1 relative to CatD. Surprisingly, the major contribution comes from

an allosteric histidine in BACE1, which favors the charged state upon inhibitor binding and
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thereby increasing the binding affinity.

BACE1 CatD 

H45 

113S loop 

flap 

LY2811376 

BACE1 IC50: 0.9 nM 
CatD IC50: 5.3 nM 

Figure 2.5: Structures of BACE1 and CatD bound to the inhibitor LY2811376. In both
structures, the catalytic dyad and inhibitor are drawn as sticks, while the flap is colored blue.
In BACE1, the 113S loop (127) and the loop that contains His45 are colored orange and
red, respectively. The sidechains of His45, Phe109 and Ile110 are shown. In the inhibitor,
nitrogen, fluorine and sulfur atoms are shown in blue, cyan and yellow, respectively. The
endocyclic nitrogen on the aminothiazine ring carried a +1 charge, while a pyrimidine
nitrogen (circled in red) was titratable in the simulation pH range. The coordinates for the
BACE1 complex were taken from the X-ray crystal structure with PDB ID 4YBI (102);
the coordinates for the CatD complex were taken from our previous work (123). The listed
IC50 values (at pH 4.6) were obtained by Pfizer (109) and correspond to a selectivity of 6
fold or a binding free energy difference of 1.0 kcal/mol.

2.2.3 Methods and Protocols

We followed the double decoupling scheme of Boresch et al. (128) (Figure 2.6) to cal-

culate the absolute binding free energies of BACE1 and CatD to the inhibitor LY2811376
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(122, 123) at the reference pH (pH 8). The free energy perturbation (FEP) method was used

to compute ∆GL
dsolv, ∆GC

coup, and ∆GC
res. The analytic approach developed by Boresch et al.

(128) was used to estimate ∆GL
res. All FEP calculations were set up with the VMD visual-

ization program (129) and performed with the NAMD molecular dynamics engine (130).

The proteins were modeled with the CHARMM22/CMAP force field (8, 23), and the in-

hibitor LY2811376 was modeled with the force field obtained previously by us (122, 123).

The FEP protocols made use of 14–31 λ windows, and each window was run for 1 ns.

The protein-ligand systems were built as in our previous work (122, 123). In all the

above calculations, Asp and Glu sidechains as well as the inhibitor were fixed in the charged

state (the inhibitor titratable site is neutral) (122, 123). For BACE1, His sidechains were

fixed in the neutral state, which, when considering the calculated pKa’s (Table 2.2), corre-

sponds to pH ∼9.5 and higher. However, since there are no pKa shifts above pH 7, ∆G is the

same as pH 8. CatD is known to undergo a large conformational transition, which relocates

the N-terminal residues to the active site at high pH (131). Although this transition may

not occur in the limited simulation time, to avoid potential structural deviation, histidine

sidechains were fixed in the charged state, which, when considering the calculated pKa’s

(Table 2.3), corresponds to pH ∼6. However, since there are no pKa shifts above pH 6,

∆Gbind is the same as pH 8.

The pKa’s of the apo and holo forms of BACE1 and CatD were taken from the previous

hybrid-solvent continuous constant pH MD (CpHMD) simulations (89, 122, 123). In these

simulations, the Asp, Glu and His sidechains as well as the inhibitor pyrimidin nitrogen

(Fig. 2.5, circled red) were allowed to titrate, while Cys and Tyr were kept neutral and Lys

and Arg were kept charged. Cys, Tyr, Lys and Arg have model pKa’s above ∼ 9 (32) and
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structural analysis does not indicate pKa downshifts to the interested pH range (i.e., below

pH 8). The apo BACE1 was simulated with 24 pH replicas in the pH range 1–8; in the

production run, each replica was sampled for 21 ns. The holo BACE1 was simulated with

20 pH replicas in the pH range 1.3–8; in the production run, each replica was sampled for

26 ns. The apo and holo CatD were simulated with 24 pH replicas in the pH range 1–8; in

the production run, each replica was sampled for 31 and 36 ns, respectively. More details

see (89, 122, 123).
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Table 2.2: Calculated pKa values for apo BACE1 and holo BACE1 complexed with the
inhibitor LY2811376a

Asp apo holo ∆pKa Glu apo holo ∆pKa
4 5.3 (0.06) 5.3 (0.03) 0.0 (0.07) 1 3.5 (0.06) 3.5 (0.09) 0.0 (0.10)

32 4.0 (0.14) 3.8 (0.11) -0.2 (0.18) 17 3.3 (0.01) 3.6 (0.05) 0.3 (0.05)
62 2.6 (0.16) 2.4 (0.18) -0.2 (0.24) 77 4.4 (0.03) 4.3 (0.04) -0.1 (0.05)
83 3.7 (0.09) 3.5 (0.12) -0.2 (0.15) 79 3.6 (0.07) 3.7 (0.01) 0.1 (0.07)

106 2.8 (0.04) 2.8 (0.09) 0.0 (0.10) 104 3.7 (0.05) 3.7 (0.00) 0.0 (0.05)
130 4.3 (0.10) 3.7 (0.09) -0.6 (0.14) 116 5.1 (0.05) 5.2 (0.07) 0.1 (0.09)
131 3.4 (0.11) 3.3 (0.13) -0.1 (0.17) 125 4.0 (0.07) 3.9 (0.14) -0.1 (0.16)
138∗ <1 (n/d) 1.3 (0.01) n/d 134 3.3 (0.09) 3.1 (0.02) -0.2 (0.09)
180 4.3 (0.08) 3.8 (0.23) -0.5 (0.25) 165 4.3 (0.04) 4.2 (0.06) -0.1 (0.07)
212∗ <1 (n/d) 1.9 (n/d) n/d 196 3.1 (0.07) 3.0 (0.04) -0.1 (0.08)
216 2.7 (0.10) 2.7 (0.10) 0.0 (0.14) 200 5.2 (0.11) 5.4 (0.07) 0.2 (0.14)
223 4.0 (0.11) 3.3 (0.13) -0.7 (0.17) 207 2.1 (0.08) 2.2 (0.05) 0.1 (0.10)
228 1.8 (0.01) 2.0 (0.14) 0.2 (0.14) 219 3.3 (0.06) 3.3 (0.04) 0.0 (0.07)
259 2.8 (0.13) 3.0 (0.11) 0.2 (0.17) 242 3.1 (0.02) 3.1 (0.08) 0.0 (0.09)
311 4.1 (0.12) 4.0 (0.10) -0.1 (0.16) 255 4.4 (0.13) 4.3 (0.02) -0.1 (0.13)
317 4.6 (0.01) 4.7 (0.11) 0.1 (0.11) 265 4.1 (0.02) 4.2 (0.04) 0.1 (0.05)
318 5.8 (0.05) 5.6 (0.23) -0.2 (0.23) 290 3.0 (0.03) 2.8 (0.02) -0.2 (0.03)
346 4.1 (0.06) 4.1 (0.07) 0.0 (0.09) 310 2.7 (0.08) 2.8 (0.05) 0.1 (0.10)
363 3.1 (0.07) 3.5 (0.11) 0.4 (0.14) 339 5.0 (0.07) 5.2 (0.16) 0.2 (0.17)
378 5.0 (0.04) 5.0 (0.06) 0.0 (0.07) 364 4.1 (0.02) 4.1 (0.04) 0.0 (0.04)
381 3.7 (0.03) 3.7 (0.04) 0.0 (0.05) 371 2.9 (0.13) 3.2 (0.07) 0.3 (0.15)

380 3.3 (0.17) 3.6 (0.05) 0.3 (0.17)
His apo holo ∆pKa
45 6.3 (0.10) 7.1 (0.14) 0.8 (0.18)
49 7.1 (0.03) 6.9 (0.04) -0.2 (0.05)
89 8.1 (0.07) 8.0 (0.21) -0.1 (0.22)

145 6.2 (0.06) 6.7 (0.02) 0.5 (0.06)
181 7.2 (0.07) 7.2 (0.05) 0.0 (0.08)
360∗ 4.2 (n/d) 3.1 (n/d) n/d
362∗ 8.6 (n/d) 8.6 (0.53) 0.0 (0.53)
Lilly 3.7 (0.05) 4.3 (0.06) 0.6 (0.06)

aThe block standard errors are given in parentheses. Residues making statistically signif-
icant contributions to the pH-dependent binding free energy are highlighted in bold font.
Residues denoted with an asterisk had incomplete titration or not converged pKa’s. Since
these pKa’s are outside of the interested pH range (4–8), they are excluded from the binding
free energy calculations. The apo pKa’s of Asp138 and Asp212 could not be determined
as titration was outside of the simulated pH range and did not converge. The pKa shift
of His360 was not determined as the apo and holo pKa’s of His360 were not converged.
His362 was not fully deprotonated at the highest simulation pH.
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Table 2.3: Calculated pKa values for apo CatD and holo CatD complexed with the inhibitor
LY2811376a

Asp apo holo ∆pKa Glu apo holo ∆pKa
12 4.6 (0.08) 4.7 (0.04) 0.1 (0.09) 5 5.2 (0.10) 5.1 (0.08) -0.1 (0.13)
33 4.2 (0.10) 2.4 (0.14) -1.8 (0.17) 18 2.9 (0.02) 2.8 (0.03) -0.1 (0.04)
50 3.3 (0.07) 3.3 (0.04) 0.0 (0.08) 111 3.9 (0.05) 3.7 (0.01) -0.2 (0.05)
62 4.2 (0.09) 4.0 (0.04) -0.2 (0.10) 117 3.3 (0.09) 3.4 (0.08) 0.1 (0.12)
75 4.0 (0.11) 3.4 (0.03) -0.6 (0.12) 180 3.9 (0.07) 3.8 (0.06) -0.1 (0.09)
90∗ 1.8 (n/d) 2.8 (n/d) n/d (n/d) 214 3.6 (0.06) 3.6 (0.03) 0.0 (0.06)

132∗ 1.2 (n/d) <1(n/d) n/d 224 4.0 (0.02) 4.0 (0.02) 0.0 (0.03)
152 1.6 (0.12) 2.2 (0.11) 0.6 (0.16) 227 3.1 (0.14) 3.2 (0.04) 0.1 (0.14)
161 4.0 (0.10) 4.2 (0.02) 0.2 (0.10) 243 5.8 (0.08) 5.8 (0.06) 0.0 (0.09)
172 3.5 (0.05) 3.5 (0.04) 0.0 (0.06) 246 3.5 (0.07) 3.4 (0.04) -0.1 (0.08)
174 4.9 (0.05) 4.6 (0.03) -0.3 (0.06) 260 5.5 (0.10) 5.5 (0.06) 0.0 (0.12)
187 3.5 (0.13) 3.5 (0.10) 0.0 (0.17) 266 3.6 (0.00) 3.6 (0.04) 0.0 (0.04)
211 4.7 (0.02) 4.6 (0.09) -0.1 (0.10) 288 3.5 (0.02) 3.3 (0.09) -0.2 (0.09)
231 3.5 (0.03) 3.1 (0.02) -0.4 (0.03) 344 2.7 (0.03) 2.6 (0.14) -0.1 (0.14)
242 3.0 (0.03) 3.3 (0.16) 0.3 (0.16)
289 2.5 (0.18) 2.8 (0.08) 0.3 (0.20)
310 3.5 (0.07) 3.4 (0.03) -0.1 (0.08)
323 3.5 (0.07) 3.4 (0.18) -0.1 (0.19)
334 2.6 (0.11) 2.9 (0.14) 0.3 (0.18)
336 3.6 (0.02) 3.5 (0.10) -0.1 (0.10)
His apo holo ∆pKa
45 7.8 (0.16) 7.6 (0.04) -0.2 (0.17)
56∗ >9 >9 n/d
57 7.2 (0.07) 7.1 (0.04) -0.1 (0.08)
77 6.5 (0.08) 6.7 (0.14) 0.2 (0.16)

209∗ 7.4 (n/d) 8.0 (n/d) n/d
Lilly 3.7 (0.05) 4.9 (0.11) 1.2 (0.12)

aThe block standard errors are given in parentheses. Residues making statistically signif-
icant contributions to the pH-dependent binding free energy are highlighted in bold font.
Residues denoted with an asterisk had incomplete titration or not converged pKa’s. Since
these pKa’s are outside of the interested pH range (4–8), they are excluded from the bind-
ing free energy calculations. The apo and holo pKa’s of Asp90 were not fully converged.
The holo pKa of Asp132 was outside of the pH range and not fully converged. The pKa of
His56 could not be determined, as the titration was outside of the pH range. The apo and
holo pKa’s of His209 were not fully converged.
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2.2.4 Results and Discussion

We first performed FEP-based double decoupling calculations to obtain the absolute

binding free energies of BACE1 and CatD at a reference pH, i.e., the pH corresponding to a

chosen set of protonation states for the titratable residues in both protein and inhibitor. The

N- and C-terminal groups of the protein were acetylated and amidated, respectively. Asp,

Glu, Lys and Arg were kept charged, and Cys and Tyr were kept neutral in both proteins.

His was kept charged in BACE1 and neutral in CatD (see explanation in Methods and

Protocols). The inhibitor carried a positive charge (or singly protonated, Fig. 2.5 bottom).

These conditions represent the high pH states (more discussion in Methods and Protocols).

Note, this protocol contrasts with a hypothetical free energy calculation at the experimental

pH (IC50 measurements were conducted at pH 4.6) (109), where defining the protonation

states would be difficult due to likely titration of Asp/Glu and possibly His.

ΔG L 
dsolv 

ΔG 

ΔG C 
res 

ΔG res 
L ΔG coup 

C 

protein ligand complex 

bind 

Figure 2.6: Thermodynamic cycle used in the double decoupling scheme (120, 128, 132,
133).

In the double decoupling scheme (120, 128, 132, 133), the protein-ligand binding free

energy is a sum of four contributions in the thermodynamic cycle (Figure 2.6): the des-

olvation free energy of the ligand (∆GL
dsolv); the free energy of restraining the ligand to

41



the binding pose in vacuum (∆GL
res); the free energy of coupling the restrained ligand to

the protein in water (∆GC
coup); and the free energy of releasing the restraints on the bound

ligand in the complex (∆GC
res). Except for ∆GL

res, which was calculated using an analytic

formula (128), each contribution was calculated with FEP (detailed protocol in SI). In-

terestingly, the calculated ∆G(pHref) are nearly identical for BACE1 and CatD, -12.1±0.4

and -12.2±0.5 kcal/mol, respectively, comparable to the free energies of BACE1 binding

to other inhibitors (121), and suggesting that the inhibitor has no selectivity towards the

desired target BACE1. Examination of the individual contributions to the binding free en-

ergy (Table 2.4) shows that the largest contributions come from desolvating the ligand and

coupling the ligand into the bound complex. The difference in the coupling free energies

of BACE1 and CatD nearly cancels the difference in the restraining free energies.

Table 2.4: Absolute binding free energies of BACE1 and CatDa

∆G (kcal/mol) BACE1 CatD
∆GL

dsolv 47.5±0.3 47.5±0.3
∆GL

res 16.4 15.5
∆GC

coup -73.7±0.2 -70.0±0.3
∆GC

res -3.7±0.1 -6.7±0.3
∆Gfinite−size 1.3 1.4
∆G(pHref) -12.1±0.4 -12.2±0.5
∆G(pH 4.6) -13.8±0.4 -12.5±0.5

a ∆G(ref) refers to that calculated using the fixed-protonation-
state free energy calculations. Individual free energy contri-
butions are explained in the main text. ∆Gfinite−size represents
the correction to the electrostatic energy calculated with particle
mesh Ewald under periodic boundary conditions for charged sys-
tems (134). No error bars are given for ∆GL

res and ∆Gfinite−size, as
they were calculated analytically. The error bar of ∆G(pH 4.6)
was estimated by combining the errors in ∆G(pHref) and the pH-
dependent corrections. As to the latter, the free energy errors
due to titration of His45 (0.24) and His145 (0.09) were used for
BACE1, and the inhibitor titratable site (0.16) was used for CatD.
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The Wyman linkage relation describes the thermodynamic response of a macromolec-

ular system to an external variable, such as pH (126). In short, the derivative of the binding

free energy with respect to pH is proportional to the binding-induced change in the total

charge (Q) of the protein-ligand system,

∂∆G/∂pH = 2.303RT∆Q. (2.1)

Since Q at different pH can be calculated from pKa’s, Eq. 2.1 can be written in the inte-

grated form as (59, 78, 112, 135–137),

∆G(pH)−∆G(pHref) =

−RT
N∑
i

ln
1+10pKholo

i −pH

1+10pKapo
i −pH

·
1+10pKapo

i −pHref

1+10pKholo
i −pHref

.

(2.2)

where i is the index for titratable sites, ∆G(pHref) is the binding free energy at a reference

pH, e.g., the one calculated with the double decoupling scheme. pKapo
i and pKholo

i refer to

the pKa’s in the apo and holo states, respectively. It follows that only residues having a pKa

in the relevant pH range and an appreciable pKa shift upon binding (difference between the

holo and apo pKa’s) make significant contributions to the pH dependence of ∆G.

To calculate ∆G(pH), we first examined the pKa shifts obtained from the hybrid-solvent

CpHMD simulations (122, 123). For both BACE1 and CatD systems, except for the cat-

alytic aspartic acids and inhibitor titratable site, most residues display small pKa shifts with

absolute values below 0.2 units (Fig. 2.7a) and block standard errors of 0–0.2 units (Table

2.2 and 2.3). To account for the statistical uncertainty, the contributions with an absolute
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Figure 2.7: Inhibitor selectivity for BACE1 relative to CatD is pH dependent. a) Cal-
culated pKa shifts vs. apo pKa’s for BACE1 and CatD. The pKa shift is defined as pKa

holo

- pKa
apo. The block standard errors (BSE) for pKa shifts are mostly below 0.2 units (Table

2.2 and 2.3). b) pH-dependent absolute binding free energies of BACE1 (solid magenta,
without the His45 contribution is shown in dashed magenta) and CatD (orange). ∆G at pH
8 (reference pH) was calculated with the double decoupling scheme (Table 2.4), while the
pH dependence was calculated with Eq. 2.2 using apo and holo pKa’s of BACE1 (Table 2.2)
and CatD (Table 2.3). The error bars are shown for ∆G at pH 4.6 (see Table 2.4). Consid-
ering that several acidic pKa’s could not be reliably determined, (Table 2.2 and 2.3), the pH
profile below 4 is not shown. c) Spatial view of residues contributing to the pH-dependent
binding free energies of BACE1 and CatD. Asp/Glu are colored red and His sidechains are
colored blue.

pKa shift below 0.4 or below twice the block standard error were excluded from the cal-

culation of ∆G(pH). Contributions with pKa’s that could not be reliably determined were

also excluded. Note, these pKa’s are all below 4 and therefore do not affect the relevant pH

range 4 to 8.
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Remarkably, the calculated ∆G for BACE1 decreases by 1.7 kcal/mol, from -12.1

kcal/mol at pH 8 (the reference pH) to a minimum of -13.8 kcal/mol in the pH range

4.5–5, while ∆G for CatD decreases by only 0.3 kcal/mol, from -12.2 kcal/mol at pH 8 to

a minimum of -12.5 kcal/mol around pH 4.5 (Fig. 2.7b). At pH 4.6, the experimental con-

dition for IC50 measurements (109) and the optimum pH for BACE1 activity (103, 111),

∆G for BACE1 is 1.3 kcal/mol lower than CatD (Table 2.4), in excellent agreement with

the estimate of 1.0 kcal/mol based on the relative IC50 values (109). Thus, the inhibitor

selectivity for BACE1 relative to CatD is pH dependent. The pH-dependent increase of

the BACE1 binding affinity to the Lilly compound is consistent with the observation that

BACE1–OM99 binding (a peptide inhibitor) becomes stronger as pH is lowered to 4 (103).

To understand the differences in the pH-dependent binding free energies of BACE1

and CatD, we examine the residue-specific contributions. For BACE1, the inhibitor titrat-

able site and five residues far from the binding interface (Fig. 2.7c) experience significant

binding-induced pKa shifts, thus contributing to the pH-dependent binding free energy

(Fig. 2.8a). Two histidine contributions stabilize the binding as pH is lowered from 8.

His45 makes the largest contribution by shifting the pKa from 6.1 in the apo to 7 in the

holo state, which stabilizes the bound complex by 1.0±0.24 kcal/mol as pH decreases from

8 to 5 (Fig. 2.8a, red, no change below pH 5). Importantly, if the contribution of His45

was neglected, there would be nearly no difference between ∆G of BACE1 and CatD at the

experimental pH 4.6 (Fig 2.7b, dashed curve). Thus, the contribution from His45 is crucial

to predicting the inhibitor selectivity. Interestingly, His145 also contributes to the affinity

increase as pH is lowered from 8. By undergoing a pKa shift from 6.2 to 6.7, it stabilizes

the bound complex by 0.65 kcal/mol at pH 4.6 compared to 8 (Fig. 2.8a, blue). We note
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that three acidic residues have pKa shifts of 0.4–0.5 units, but their apo pKa’s are below 4

and as such they only affect ∆G below pH 4 (Fig. 2.8a).

In contrast to BACE1, only acidic residues and no His contribute to ∆G(pH) of CatD.

The largest contribution comes from the catalytic Asp33 (pKa downshift of 1.8 units) fol-

lowed by the inhibitor titratable site (pKa upshift of 1.2 units). As pH is lowered from 8

to 4.6, the former contributes 0.19 kcal/mol towards destabilization, while the latter con-

tributes 0.58 kcal/mol towards stabilization of the bound complex (Fig. 2.8b, red and blue).

Thus, the pH profile of CatD binding is relatively flat in the pH range 4 to 8 (Fig. 2.8b).

Note, the other three contributions only affect the pH region below 4.
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Figure 2.8: Residue-specific contributions to the pH-dependent binding free energies
of BACE1 and CatD. ∆G at pH 8 is used as a reference. a) Contributions from His45
and His145 to the BACE1 binding free energy are shown in red and blue, respectively.
Contributions from Asp130, Asp223, Asp363 and the inhibitor titratable site are shown in
cyan, orange, purple and green, respectively. The block standard error for His45 pKa shift is
0.18, which corresponds to a binding free energy error of 0.24 kcal/mol. (b) Contributions
from the inhibitor titratable site and catalytic Asp33 to the CatD binding free energy are
shown in red and blue, respectively. Contributions from Asp75, Asp152 and Asp231 are
shown in green, cyan and orange, respectively.

What is the origin of the pKa shift for His45 and how does it induce pH-dependent

protein-ligand binding? Large pKa shifts of residues near the binding interface have been
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previously reported in the literature (89, 112, 122, 138, 139) and can be trivially under-

stood. For example, the catalytic Asp and the inhibitor titratable group in both BACE1 and

CatD exhibit sizable pKa shifts (Table 2.2 and 2.3) due to electrostatic interactions with

the charged inhibitor. However, the pKa shift of His45 is puzzling, since it is located on a

loop that does not contact the inhibitor and the closest heavy-atom distance between His45

and the inhibitor is about 11 Å in the crystal structure. The existence of long-range cou-

pling between protein/ligand binding and receptor protonation through a conformational

mechanism has been previously hypothesized by Alexov and later Onufriev based on the

Poisson-Boltzmann calculations (135, 139–141). The pKa shift of His45 in BACE1 bind-

ing is reminiscent of an experimentally known case: a distal residue His164 in plasmepsin

II (another aspartyl protease) shifts its pKa from 6 to 7.5 upon pepstatin binding (140, 142).

Analysis of the apo and holo trajectories of BACE1 at different pH conditions revealed

that the protonation equilibrium of His45 is shifted towards the charged state (i.e., pKa

upshift) through a ligand-induced conformational allostery. Conversely, charging His45

(lowering pH) increases the protein-ligand binding affinity. Specifically, proton titration of

His45 is coupled to a pH-dependent χ1 rotation and consequently the contact formation

with Phe109 on the 113S loop (Fig. 2.9a–d). At low pH, His45 is protonated (charged) and

rotated out to solvent and does not interact with Phe109. At high pH, His45 is deprotonated

(neutral) and rotated in to form a contact with Phe109. At intermediate pH, His45 samples

both charged/out and neutral/in states. In the presence of the inhibitor, the protonation

equilibrium of His45 is shifted to a higher pH (Fig. 2.9b, red), and so are the pH profiles

of His45 rotation and interaction with Phe109 (Fig. 2.9c and d, red), indicating that while

charged His45 is favored, the His-in state and His45–F109 interaction are disfavored.
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Figure 2.9: Protonation of His45 is coupled to the BACE1-inhibitor binding affinity
change through conformational allostery. a) Overlaid snapshots showing two dominant
conformations: His45 in/His45–Phe109 contact (yellow), His45 out/I110–inhibitor contact
(magenta). b) Probability of His45 deprotonation at different pH. c) Probability of His45-in
rotation at different pH. His45 in is defined by χ1 > 140◦ or χ1 < −140◦. d) Probability
of His45–Phe109 contact formation at different pH. Based on the probability distribution
of the His45–Phe109 distance, a contact is considered present when the distance is below
6 Å. e) Free energy surface as a function of His45 (CE1)–Phe109 (CB) and Ile110 (CD)–
inhibitor (C23) distances in holo BACE1 at different pH. For b-d, the apo and holo states
are shown in black and blue, respectively.

Part of the binding affinity of the inhibitor comes from a hydrophobic contact with

Ile110 on the 113S loop, which is also present in other BACE1-inhibitor complexes (127)

but not in CatD binding (based on our data). Strikingly, this contact is weakened by the

interaction between His45 and Phe109, as evidenced by the correlation between the His45–

Phe109 and I110-Lilly distances in the free energy surface (FES) (Fig. 2.9e). At low pH (5

and 6), the FES displays a single minimum in the lower right corner, indicating that while
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the H45–Phe109 interaction is absent (His45 out), Ile110 maintains a hydrophobic contact

with the inhibitor. At high pH (8), the FES displays two minima, indicating that while the

H45–Phe109 interaction is present (His45 in), the Ile110–inhibitor contact can form and

break. At intermediate pH (7), the above two minima remain in the FES, and the lower

right minimum seen in the FES of pH 5 and 6 reappears, indicating that the probability

for the Ile110–inhibitor contact is increased compared to high pH (8). Thus, the BACE1–

inhibitor affinity is strengthened with the breakage of the His45–Phe109 interaction, which

in turn favors charged His45 and the rotation out to solvent.

2.2.5 Conclusion

In summary, we tested a protocol that combines CpHMD with FEP-based calculations

to account for pH effects in protein-ligand binding. This protocol offers significant advan-

tages compared to the alternative approach which directly employs constant pH MD in the

alchemical calculations: the errors due to the free energy calculations and pH-dependent

corrections are separable; and the computational cost is smaller. Additionally, CpHMD

can uncover proton-coupled allosteric events, such as the one found in this study. We note

that in principle, pH-dependent free energy corrections can be obtained using any pKa cal-

culation method; however, static-structure based Poisson-Boltzmann or empirical methods

are very sensitive to the structure and therefore have a higher chance of generating false

positives, i.e., many large pKa shifts upon binding (139). This is however not the case with

CpHMD, which explicitly accounts for conformational relaxation and consequently has a

lower level of “noise”. For example, most pKa shifts for BACE1 and CatD inhibitor bind-

ing (and other protein systems, unpublished work by Shen and coworkers) are very small
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(below 0.2 units). Furthermore, error cancellation in the pKa shifts removes a large part

of the systematic errors, although errors due to the solvent model and force field still re-

main, which manifest most notably in the desolvation penalty and electrostatic interactions

in the buried environment (65, 89). Another caveat of the present work lies in the limited

sampling time of the CpHMD simulations, which resulted in an insufficient conformational

relaxation for a handful of residues that are deeply buried, involved in salt bridges, or un-

dergo coupled titration. Fortunately, potential contributions from these residues can be

neglected, as their pKa’s are below 4 and as such would not affect the pH range of interest

(4–8).

We demonstrated that the new protocol can improve the prediction of inhibitor selec-

tivity, which is a challenging task in structure-based drug design, especially for aspartyl

proteases and kinases, where off-targets are highly similar in overall structure and binding

site. Our data revealed that it is the difference in the pH-dependent binding free energy,

which gives rise to the inhibitor selectivity for BACE1 by 1.3 kcal/mol, matching the ex-

perimental estimate of 1.0 kcal/mol (109). Although this level of agreement might be

fortuitous, it is encouraging and underscores the significance of including pH in the free

energy calculations of protein-ligand binding.

Surprisingly, our data revealed that the pH dependence of BACE1 binding is mainly

due to the protonation of a distal residue His45 in BACE1, and despite the large pKa shifts

of the catalytic residue and inhibitor titratable site, CatD binding is relatively independent

of pH. The latter is reminiscent of HIV-1 protease, which shows a large pKa shift of the

aspartyl dyad upon inhibitor binding but no pH dependence in the measured binding affinity

(138). Previous computational studies of possibly pH-dependent protein-ligand binding
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Figure 2.10: Schematic view of the protonation-coupled conformational allostery in
BACE1. Protonation equilibria are shown vertically, while conformational changes are
shown horizontally. Dominant states are indicated by circles with solid lines. His45, Ile110
and the inhibitor are explicitly shown. The loop that has His45 and the 113S loop that has
Ile110 are also displayed.

have focused on titratable sites directly involved in binding (112, 123, 138); our findings

demonstrate that to quantitatively predict the pH-dependent binding free energy, the pKa

shifts of all titratable sites need to be considered.

Perhaps the most surprising finding of the present work is how His45 protonation mod-

ulates inhibitor binding. Our data showed a thermodynamic linkage between His45 pro-

tonation and inhibitor binding through a nonintuitive allosteric mechanism. Protonation

of His45 induces a local conformational event, a χ1 rotation, which is propagated through

the movement of the 113S loop to affect BACE1-inhibitor binding (Fig. 2.10). Conversely,
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inhibitor binding perturbs the 113S loop, which is propagated to affect the sidechain rota-

tion of His45, resulting in a shift in the protonation equilibrium. Thus, our finding adds a

new dimension to the allosteric regulation framework (143) and confirms a long-standing

hypothesis based on the pioneering work of Alexov (140, 141) and later Onufriev and

coworkers (135, 139) using Poisson-Boltzmann calculations. The proposed mechanism

can be experimentally verified by testing whether mutating His45 to a charged amino acid

such as Lys would increase the binding affinity of BACE1. His45 is not conserved in

BACE1 related proteases; thus, we hypothesize that an allosteric molecule which disrupts

the His45–Phe108 interaction would increase the inhibitor selectivity. Our finding regard-

ing His45 is not an exception. Experiment demonstrated that plasmepsin II binding to

pepstatin resulted in a 1.5-unit increase in the pKa of the remote His164 (140, 142). Thus,

pKa perturbation of distal histidines due to ligand binding may be more common than pre-

viously thought, and it is highly relevant, given that the model pKa of histidine is near the

physiological pH. We suggest that proton-coupled allosteric control is likely common in

biology and may present exciting new opportunities in structure-based drug design.
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Chapter 3

How Electrostatic Coupling Enables Conformational Plasticity in

Protein Kinases

3.1 Abstract

Protein kinases are important cellular signaling molecules involved in cancer and a

multitude of other diseases. It is well known that inactive kinases display a remarkable

conformational plasticity; however, the molecular mechanisms remain poorly understood.

Conformational heterogeneity presents an opportunity but also a challenge in kinase drug

discovery. The ability to predictively model various conformational states could accelerate

selective inhibitor design. Here we performed a proton-coupled molecular dynamics study

to explore the conformational landscape of a c-Src kinase. Starting from a completely in-

active structure, the simulations captured all major types of conformational states without

the use of a target structure, mutation, or bias. The simulations allowed us to test the ex-

perimental hypotheses regarding the mechanism of DFG flip, its coupling to the αC-helix

movement, and the formation of regulatory spine. Perhaps the most significant finding is

how key titratable residues, such as DFG-Asp, αC-Glu, and HRD-Asp, facilitate the con-

formational transitions, providing a direct support for a long-standing hypothesis regarding

the protonation-dependent DFG flip. The simulations also revealed intermediate states,

among which a unique inactive state formed as DFG-Asp is rotated counterclockwise to

approach the catalytic Lys, which can be tested in selective inhibitor design. Our find-
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ing of how proton coupling enables the remarkable conformational plasticity may shift the

paradigm of computational studies of kinases which assume fixed protonation states. Un-

derstanding proton-coupled conformational dynamics may hold a key to further innovation

in kinase drug discovery.

3.2 Introduction

Protein kinases belong to one of the largest enzyme families and play critical roles in

cellular signaling processes by phosphorylation of a tyrosine, threonine or serine residue

(144). Dysregulation of kinase functions has been linked to cancer, inflammatory and other

diseases (145), making kinases important pharmaceutical targets. Since the discovery of

Imatinib, a small-molecule inhibitor targeting the tyrosine kinase c-Abl for the treatment of

chronic myeloid leukemia, the rate of approval by the US Food and Drug Administration

has been steadily increasing (146). Kinases display a remarkable conformational hetero-

geneity in the inactive form (147), which presents an opportunity but also a challenge in

early drug discovery (145, 148). In recent years, some highly selective inhibitors have

been discovered; however, a general design strategy is lacking, as the molecular mecha-

nism underlying selectivity was understood only after the crystal structure was obtained

(148). Thus, the ability to predictively model kinase conformations can potentially fill in

the gap and accelerate inhibitor design.

Protein kinases have a well-conserved catalytic or kinase domain (147), composed of

a β-sheet rich N-lobe and an α-helical C-lobe, with the ATP and substrate binding sites

located in between (Fig. 3.1). Kinase activation involves the changes of several structural
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features. The universally conserved Asp-Phe-Gly (DFG) motif is located at the beginning

of the activation loop (A-loop). Here we focus on the c-Src tyrosine kinase. In the inactive

DFG-out conformation, DFG-Asp (Asp404 in c-Src) sidechain points out of the ATP bind-

ing pocket, while the DFG-Phe (Phe405 in c-Src) sidechain points in. In the active DFG-in

conformation, the sidechain positions of DFG-Asp and DFG-Phe are swapped, i.e., DFG-

Asp points in and DFG-Phe points out. This large conformational change is known as DFG

flip. In the active DFG conformation, DFG-Asp often forms a salt bridge with the catalytic

Lys (Lys295 in c-Src) located on the β3 strand of the N-lobe. Another structural feature

involved in kinase activation is α-C-helix in the N-lobe. In the inactive αC-out conforma-

tion, αC-helix is far from the ATP binding site, while in the active αC-in conformation,

αC-helix moves closer, allowing an extremely conserved Glu, αC-Glu (Glu310 in c-Src),

to form a salt bridge with the catalytic Lys. Kinase activity also involves the catalytic loop

or C-loop, which harbors the His-Arg-Asp (HRD) motif.

Active kinases adopt the highly similar DFG-in and αC-in (DICI) structures. Kornev

and Taylor further proposed that kinase activation involves the alignment of two sets of

hydrophobic residues connecting the N- and C-lobes, known as the regulatory (R) and cat-

alytic (C) spines (144, 149). R-spine is made up of 4 residues, Leu325, Met314, Phe405,

and His384 in c-Src, while C-spine is assembled upon ATP binding and will not be further

discussed. Contrasting active kinases, inactive kinases display a remarkable conforma-

tional plasticity (147). Based on the DFG and αC conformations, the inactive states can

be classified into three types, DFG-out and αC-in (DOCI), DFG-in and αC-out (DICO),

as well as the completely inactive DFG-out and αC-out (DOCO) type (Fig. 3.1). The

detailed molecular mechanisms underlying the conformational transitions remain poorly
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Figure 3.1: Structure and major conformational states of the c-Src kinase. Cartoon
representation of the chicken c-Src kinase domain structure (pdb id 5K9I). The sequences
of chicken and human c-Src kinase domains differ only by two amino acids: Met354 and
Asp502 in chicken correspond to Thr357 and Glu505 in human, respectively. αC-helix,
A-loop, and C-loop are colored orange, red and blue, respectively. Important residues dis-
cussed in this work are shown, Asp404, Phe405 (on DFG motif); Glu310 (αC-Glu); Lys295
(catalytic Lys); Met314, Leu325, His384, and Phe405 (R-spine); Arg385 and Arg409 (able
to interact with αC-Glu). A diagram indicates the four types of conformational states a
kinase can adopt.

understood.

Over the past decade, significant progress has been made in studying kinase confor-

mational dynamics using MD simulations. In a pioneering work, Shan et al. performed

unbiased MD to investigate DFG flip in a tyrosine kinase c-Abl (124). Supported by ki-

netic experiments and mutagenesis, they proposed that the protonation state of DFG-Asp

controls the DFG flip (124). Since this work, numerous MD studies have been published

(150–158) to investigate tyrosine kinases, particularly c-Src related to c-Abl. Intriguingly,

the empirical structure-based pKa calculations by Lovera et. al (151) and free energy sim-
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ulations by Meng et al. (152) suggested that the impact of protonation state on DFG flip is

negligible in c-Src.

While previous MD studies focused on the αC movement (DICI v.s. DICO) (150, 153,

156) or the DFG-flip (151, 158), knowledge of the entire conformational landscape and

mechanisms of transitions remain incomplete. Importantly, the prior MD studies have a ma-

jor limitation in that protonation states of titratable sidechains were fixed. The mechanism

of DFG flip was investigated by MD simulations (124, 154, 158) and free energy calcula-

tions (152), using simulations in which DFG-Asp was either protonated or deprotonated;

however the effect of protonation state change during dynamics could not be accounted for.

In fact, DFG-Asp may not be the only residue that adopts a conformation-dependent proto-

nation state. Supported by experiments, our most recent work (159) demonstrated that Cys

and Lys of some kinases may be deprotonated in the DOCO conformation at physiological

pH. Additionally, HRD-His may not be neutral as often assumed in the conventional MD.

Inspired by the work of others (150–158) and intrigued by the controversy of the

protonation-dependent DFG flip, we set out to explore the conformational dynamics of

the well-studied c-Src. We hypothesized that the conformational plasticity of kinases is re-

lated to the electrostatic networks and by exploiting various pH conditions we may be able

to uncover the entire conformational landscape and elucidate the conformational transition

mechanisms. To test this hypothesis, we carried out hybrid-solvent continuous constant

pH molecular dynamics with pH replica exchange (hereafter abbreviated as CpHMD) (65)

for c-Src. CpHMD has been validated for a variety of systems, e.g., protein folding (79),

enzyme dynamics and inhibitor binding (89, 160), as well as conformational transitions

of membrane channels and transporters (68–70). In this work, CpHMD simulations initi-
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ated from a completely inactive (DOCO) structure were able to directly sample both the

DFG flip and αC-helix movement, allowing a detailed characterization of the conforma-

tional transitions among all four major states and the coupling to protonation state changes.

Simulation data also allowed testing of the experimental hypotheses regarding the path-

ways of DFG flip, coupling to αC movement, and R-spine assembly. Our work provided

a previously unattainable view of proton-coupled dynamics of kinases, revealing how con-

formational plasticity is achieved through electrostatic coupling in a tyrosine kinase.

3.3 Method and Protocols

The kinase domain structure of the chicken Src protein (pdb id 5K9I (161), chain B,

small molecule removed) was used to initiate the hybrid-solvent continuous constant pH

molecular dynamics (CpHMD) simulations with pH replica-exchange (65). Simulations

were performed using the CHARMM package (21) (version c37a2). CHARMM22 force

field (8, 9) and the CHARMM-style TIP3P water model (21) were used to represent the

protein and water molecules, respectively. Missing hydrogens were added, assuming dou-

bly protonated histidines and otherwise default protonation states for all sidechains, using

the HBUILD facility in CHARMM (21). A CHARMM script was used to add dummy

hydrogens to the sidechains of Asp and Glu in preparation for CpHMD titration. The struc-

ture was solvated in a truncated octahedral box filled with water molecules. The distance

between the box edges and the protein heavy atoms was at least 10 Å. The solvated system

contains 40,447 atoms.

The solvated system was subject to energy minimization, 120 ps heating, and 280 ps equi-
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libration with hybrid-solvent CpHMD turned on and pH set to 7. To allow proton-coupled

dynamics, the sidechains of all 10 Asp, 27 Glu, 3 His, 6 Cys, 13 Tyr, and 15 Lys were

allowed to titration. Following equilibration, the pH replica-exchange protocol (65) was

turned on. Initially, 24 replicas, replaced in a pH range of 3–9.5 with an increment of

0.5 pH units, were simulated for 44 ns each. Additional 24 replicas were added at 0.25

pH intervals before continuing the simulation for another 18 ns per replica. The total ag-

gregate simulation time was 1.7 µs. Unless otherwise noted, the last 22 ns per replica

data were used for analysis. All replicas were run under the NPT ensemble at a tem-

perature of 300 K maintained by the Nóse-Hoover thermostat and a pressure of 1 atm

maintained by the Langevin piston pressure-coupling algorithm (see CHARMM docu-

mentation, http://www.charmm.org). All settings in the CpHMD simulations were pro-

gram defaults and can be found in our earlier work (65) and CHARMM documentation

(http://www.charmm.org).

3.4 Results and Discussion

3.4.1 Conformational activation of c-Src is pH dependent.

CpHMD simulations (65) were initiated from the crystal structure of c-Src in the DOCO

state (pdb id: 5K9I (161)). 48 replicas, each assigned with a pH condition from pH 3 to

9.5, underwent constant NPT all-atom molecular dynamics with periodic exchanges of

conformational states. All 91 ionizable sidechains were allowed to titration in the simu-

lations. The aggregate sampling time was about 1.8 µs. We characterized the conforma-

tional landscape using two order parameters. ζ(Ala403), a pseudo torsion angle defined
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by four residues, Val402, Ala403, Asp404, and Phe405, was first proposed by Möbitz to

discriminate between DFG-out (ζ ≥120◦) and DFG-in (ζ¡120◦) conformations based on

the analysis of PDB crystal structures (162). We note, in a previous work (151), a salt

bridge between Asp404 and Lys295 was used to define DFG-in conformations; however,

this salt bridge does not necessarily indicate a DFG flip (see later discussion). Follow-

ing Sultan et al. (156), we used R(Lys295–Glu310) to define αC-out R¿4.5Å) and αC-in

(R ≤4.5Å) conformations, where R is the distance between Lys295:NZ and Glu310:CD.

We note, Lys295–Glu310 salt-bridge is a characteristic of the active state; however, the

distance between Asp404 and Glu310, used in a previous work (162), does not necessar-

ily correlate with the salt-bridge formation. A free energy surface (FES) as a function of

ζ and R was plotted at several simulation pH conditions (Fig. 3.2a). The horizontal and

vertical lines divide the conformational landscape into four regions: upper right (DOCO),

upper left (DOCI), lower right (DICO), and lower left (DICI). Strikingly, the FES at pH 5

displays minima in all four regions, suggesting that the conformational activation of c-Src

is captured, together with all three inactive states. Convergence analysis of the populations,

protonation states and FES are given in Fig. S1–S3. Comparisons to the crystal structure

survey are given in Fig. S4 and S5.

To examine the various conformations, we extracted trajectory snapshots from the min-

imum regions of the FES at pH 5 (Fig. 3.2b). The DOCO region displays a shallow valley

(ζ of 200–240◦ and R of 4.5–14 Å), referred to as the DOCO state, and a local minimum

(ζ of 150◦ and R of 6 Å), referred to as the DOCO′ state. In the DOCO state, Asp405

is flipped out, while the Lys295–Glu310 distance samples a wide range. In the DOCO′

state DFG is partially flipped in, while Asp405 is rotated clockwise halfway to the DFG-in
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conformation and Glu310 is moved closer to Lys295. The DOCI region displays a local

minimum at ζ of 200–240◦ and R around 3.5 Å. In this DOCI state, Asp405 remains flipped

out but the Lys295–Glu310 salt bridge is formed. The DOCI state is also called the Src-like

inhibited state, as it was initially discovered for Src kinases, although it was later found for

other kinases such as Abl (163). It is interesting to notice that the barrier between DOCI

and DOCO states is low, about 1.5 kcal/mol based on the FES, suggesting that αC-helix

is highly mobile. The DICO region displays a shallow valley covering ζ of 35–60◦ and

R of 5–10 Å. Snapshots showed that DFG is flipped in, with Asp405 pointing at Lys295

but αC-helix remains further away. Finally, the DICI region shows two local minima. In

the DICI′ state (ζ of 20◦ and R of 3.5 Å), DFG is readily flipped in and Glu310 forms

a salt bridge with Lys295; however, the Lys295–Asp405 salt bridge is absent. We note,

despite the absence of the latter, this state should be considered active, as Asp404 is close

enough to the ATP binding pocket such that it can form the magnesium-mediated contacts

with ATP, which is necessary for kinase function (149). In the DICI state (ζ of 20 and R

of about 3.5 Å), DFG is flipped in and both Asp405 and Glu310 form a salt bridge with

Lys295.

To quantify the pH-dependent conformational dynamics, we calculated the percentage

populations of the DOCO, DOCI, DICO, and DICI conformations as defined by the four

FES regions (Fig. 3.2a) at different pH. Consistent with the FES plots, the DICI population

displays a maximum at pH 5 and it is reduced to about half, as pH increases to 6.5, and to

nearly zero, as pH decreases to 3 (Fig. 3.3a). To examine the pH effects on the DFG flip

and αC-helix motion individually, we calculated the pH-dependent percentage populations

of the DFG-in (DICO and DICI) and αC-in (DOCI and DICI) conformations (Fig. 3.3b).
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Figure 3.2: pH-dependent conformational landscape of c-Src. (a) FES as a function of
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FES minima. Lys295, Glu310, Asp404 and Phe405 are shown.

Similar to the DICI population, the DFG-in population displays a maximum at pH 5 and

it is nearly zero at pH 3 and reaches a minimum at pH 6.5. Interestingly, the pH profile

of the αC-in population is identical as that of the DFG-in population in the pH range 3

to 5; however, above pH 5 the αC-in population plateaus. These data suggest that the

pH dependence of c-Src conformational activation can be explained by the pH-dependent

dynamics of the DFG motif and αC-helix (see later discussion). Note, the shapes of the pH

profiles from the self-controlled CpHMD simulations are reliable; however, the population

values are likely not accurate due to limited sampling time.
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Figure 3.3: pH-dependent conformational populations of c-Src and protonation states
of important titratable residues. (a) Percentage population of the DICI conformations
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Lys295 and His384 sample only the protonated (charged) state below pH 7.

3.4.2 Protonation states of key residues are conformation dependent.

To understand the origin of the pH dependence, we examined the protonation states of

titratable residues located near regions of large conformational changes, including Asp404,

Glu310, Asp386, His384, and Lys295. Interestingly, at pH 4 to 6, where maximum activa-

tion was observed in the simulation, Lys295 and His384 are always charged, while Asp404,

Glu310, and Asp386 sample both deprotonated and protonated states (Fig. 3.3). Note, in all

previous MD studies, these residues were fixed in one protonation state. Most importantly,

the protonation states of Asp404, Glu310, and Asp386 are conformation dependent. For

Asp404, the deprotonation probabilities are 20%, 60%, 90% and 100% at pH 4; 60%, 80%,
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100%, and 100% at pH 5, for DOCO, DOCI, DICO, and DICI conformations, respectively

(Fig. 3.3). Thus, Asp404 changes from being partially deprotonated to fully deprotonated

in the DFG-out to DFG-in transition, which supports the hypothesis that Asp404 deproto-

nation favors DFG-in (124). Furthermore, the protonation state of Asp404 is affected by

the αC position when DFG is inactive, as evident from the increased fraction of deproto-

nated Asp404 going from DOCO (20% at pH 4 and 60% at pH 5) to DOCI (60% at pH 4

and 80% at pH 5) (Fig. 3.3).

For Glu310, the deprotonation probabilities are 20%, 70%, 60% and 70% at pH 4;

80%, 100%, 70%, and 100% at pH 5, for DOCO, DOCI, DICO, and DICI conformations,

respectively (Fig. 3.3). Thus, Glu310 samples the deprotonated state more frequently in the

αC-in vs. the αC-out conformation, irrespective of the DFG conformation. It is worthwhile

noticing that both Asp404 and Glu310 remain deprotonated above pH 6, irrespective of

the DFG and αC conformations (see later discussion). With regards to the deprotonation

probability of Asp387, it follows the increasing order, DOCO < DICI < DOCI/DICO at

all three pH conditions. It is important to point out a limitation of our simulations. The

calculated pKa’s of carboxylic groups forming electrostatic interactions, e.g., Asp404 and

Glu310, may be underestimated, by perhaps 1–1.5 units, based on our previous studies

(65, 89, 123). Thus, the calculated peak activation pH may be underestimated by 1–1.5

units, similar to our previous studies of aspartyl proteases (89, 123).

DFG flip follows a hypothesized pathway based on crystal structures. Next, we inves-

tigated the mechanism of DFG flip. Based on the crystal structure analysis, two pathways

for the DFG out-to-in transition were proposed (162). In pathway 1, DFG flip is accom-
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plished by a rotation around the backbone Φ angle of DFG-Asp, while in pathway 2, the

flip is made possible by a rotation around the Ψ angle of DFG-1 (Fig. S6). Considering

the presence of crystal structures showing intermediate conformations, Möbitz further pro-

posed (162) that pathway 2 is more accessible, particularly for kinases with a small DFG-1

such as Gly, Cys, or Ala. Our calculated FES’ as a function of Ψ(Ala403) and Φ(Asp404)

are very similar to the “FES” based on the PDB crystal structures (162) (Fig. S6). At pH

4–6, DFG flip involves either a switch in Φ(Asp404), i.e., pathway 1, or a gradual change

in Ψ(Ala403), i.e., pathway 2 (Fig. 3.4). The intermediate states with varying Ψ(Ala403)

are most populated at pH 5. Thus, our data confirms the crystal structure based hypothesis

(162) and suggests that the increased DFG-in population at pH 5 is due to the accessibility

of intermediates which helps lower the barrier of DFG flip. Note, these intermediates are

absent in our survey of the PDB structures of the Src family kinases, likely due to the very

small number of them (Fig. S6).
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3.4.3 Clockwise rotation of Asp404 leads to DFG flip and increased deprotonation

of DFG-Asp.

Another way (162) to understand DFG flip and its coupling with the αC movement

is to examine the FES as a function of ζ(Ala403) and the Cα distance between Asp404

and Glu310 (Fig. 3.5 and Fig. S7). The FES at pH 5 is very similar to the scatter plot

(162) using the crystal structures of Aurora A, which shows a gradual decrease in ζ in the

DFG-out-to-in transition (Fig. S7). Starting from the crystal structure of c-Src (state 1),

Asp404 can rotate either clockwise or anticlockwise to approach Lys295 (Fig. 3.5a). In

the clockwise rotation, ζ decreases and DFG-Asp passes through the intermediate states 2

and 3, where the DFG motif is partially and largely flipped in, respectively, before reaching

state 4, where the DFG flip is completed (Fig. 3.5b). In contrast to the FES at pH 5, the

pathway stops at the partially flipped intermediates and does not progress further below pH

4 or above pH 7 (Fig. S7).

We calculated the deprotonation probability for Asp404 along the DFG-flip pathway

at pH 5. As ζ decreases and DFG flip approaches completion, the deprotonated fraction

increases from 70% for states 1 and 2 to 100% for states 3 and 4. This data is consistent

with the increasing degree of Asp404 deprotonation in the DOCO-to-DICO and DOCI-to-

DICI transitions at pH 4 and 5 (Fig. 3.3), thus lending further support to the hypothesis that

DFG flip is favored by the deprotonation of DFG-Asp (124).
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Figure 3.5: Mechanism of DFG flip and coupling to the deprotonation of DFG-Asp. (a)
Snapshots capturing the clockwise (blue) and anticlockwise (magenta) rotation of Asp404
overlaid on the starting structure of c-Src (silver). Asp404, Phe405, and Lys295 are shown.
(b) FES at pH 5 as a function of ζ(Ala403) and the Cα distance R between Asp404
and Glu310. Four minimum regions are labeled: 1 (ζ >120◦); 2 (130◦ < ζ <180◦); 3
(75◦ < ζ <130◦); and 4 (ζ <75◦). (c) Representative snapshots with the zoomed-in views
of Asp404 and Phe405. The deprotonation probabilities of Asp404 are given.

3.4.4 Salt-bridge interactions of Glu310 impact DFG motion and result in a novel

DOCO intermediate.

While the clockwise rotation of Asp404 reduces ζ and leads to DFG flip, a counter-

clockwise rotation, which also brings Asp404 closer to Lys295, does not change ζ but

widens the Asp404–Glu310 distance and leads to an off-pathway DOCO type of interme-

diate state (Fig. S7). The population of this intermediate is low at pH 5 but it becomes

significant at pH 6 and 7 (Fig. S7). Snapshots showed that Asp404 forms a salt bridge with
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Lys295, while Glu310 forms a salt bridge with Arg409 in the A-loop, locking the protein

in the inactive αC-out position (Fig. 3.6a). This conformation has not been discussed in the

literature, but we identified a similar conformation in the crystal structure of a Src kinase,

where the Lys295–Asp404 salt bridge is formed but the coordinates of Arg409 are missing

(pdb id 2QI8, see Fig. S7). Interestingly, the Arg409–Glu310 salt bridge only occurs in the

DFG-out conformation and the probability follows a bell-shaped pH profile with a maxi-

mum of about 15% at pH 6.5 (Fig. 3.6a). Recall that the DFG-in population has an inverted

bell-shaped pH profile with a minimum at pH 6.5 (Fig. 3.3a). Thus, our data suggest that

above pH 5, the Arg409–Glu310 salt bridge not only stabilizes the inactive α-C position

but may also prevent DFG flip by trapping the protein in a novel intermediate, in which

Asp404 and Glu310 form salt bridges with Lys295 and Arg409, respectively.

In the crystal structures of c-Src kinases (164), Glu310 can also form a salt bridge with

Arg385 (HRD-Arg), stabilizing the αC-out state. In our simulations, this salt bridge is ad-

ditionally correlated with the DFG movement. Below pH 5.5, the salt bridge occurred only

in the DFG-out conformations, mostly when Asp404 was rotated clockwise (on-pathway

to DFG-in). Above pH 5.5, the salt bridge was found in both DFG-out and DFG-in con-

formations with the latter dominating above pH 6.5 (Fig. 3.6b). Thus the interaction with

Arg385 may stabilize the inactive DFG conformations below pH 5.5 but it does not have

such effect at higher pH.

3.4.5 R-spine formation is consistent with the DFG and αC activation.

Finally, we examined whether the simulations captured the dynamical behavior of R-

spine. According to the hypothesis of Kornev and Taylor (149), Leu325, Met314, Phe405,
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Figure 3.6: Salt-bridge interactions of Glu310 impact the DFG flip. (a) A representative
snapshot showing the salt bridge between Glu310 and Arg409 (top) and the salt-bridge
probability in the DFG-out state as a function of simulation pH (bottom). Lys295, Asp404,
Phe405, Glu310 and Arg409 are shown. (b) A representative snapshot showing the salt
bridge between Glu310 and Arg385 (top) and the salt-bridge probability in the DFG-out
(red) and DFG-in (blue) states as a function of simulation pH (bottom). A salt bridge was
considered present if the minimum distance between the carboxylate oxygens of Glu and
the guanidinium nitrogens of Arg is at most 4 Å.

and His384 are aligned to form a spine when c-Src is active, Since the highly flexible DFG-

Phe is one of the residues, R-spine is dynamically assembled or disassembled. To test this,

we plotted the FES for different pH as a function of two angles, formed by Met314, Phe405,

and His384 and by Leu325, Phe405, and His384 (Fig. 3.7a and Fig. S8). Depending on

the pH, the FES showed 2–4 minimum regions. The minimum in the upper right corner of

the FES (the two angles are 160–180◦) indicates that R-spine is assembled. In agreement

with the pH-dependent DICI population, the minimum is most frequently sampled at pH 5.

Snapshots confirmed that R-spine is indeed formed and c-Src is in the DICI conformation

(Fig. 3.7b, top). We also examined another minimum region, where the two angles are 60–

90◦. Snapshots showed that Asp404 is rotated counterclockwise and in a salt bridge with

Lys295 (Fig. 3.7b, bottom), which prevents the rotation of Phe405 required by the R-spine
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formation, consistent with the off-pathway intermediate found earlier (Fig. 3.5b and Fig.

S7).
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Figure 3.7: R-spine formation is consistent with the active DICI state. (a) FES at pH
5 as a function of two angles: between the CB atoms of Met314, Phe405, and His384
and of Leu325, Phe405, and His384. The FES’s at other pH are given in Fig. S8. (b)
Representative snapshots from the two minimum regions. The R-spine residues are in
green and labeled. Asp404, Lys295, and Glu310 are in magenta.

3.5 Discussion

Replica-exchange CpHMD simulations were able to capture the conformational activa-

tion of the c-Src kinase starting from a completely inactive DOCO crystal structure without

prior knowledge of the active state or the use of mutation or biasing potential. Simulations

reproduced all four major types of conformations observed in the PDB crystal structures.

Strikingly, the DICI state and R-spine formation are most frequently sampled by the sim-

ulation at pH 5, where DFG-Asp, αC-Glu, and HRD-Asp adopt conformation-dependent

protonation states. Importantly, while DFG-Asp can adopt the protonated state when DFG

is out, it assumes only the deprotonated state when DFG is flipped in. Our simulations
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further revealed how the degree of deprotonation increases as Asp404 rotates clockwise

to reach the final flipped-in state. These data offer the direct evidence to support a long-

standing hypothesis that DFG flip is dependent on the protonation state of DFG-Asp (124).

Our data showed that while a protonated Asp is incompatible with the DFG-in confor-

mation (this is why DFG flip does not occur at low pH), a deprotonated Asp is compatible

with both DFG-in and DFG-out conformations. This can be rationalized by the fact that

in an active kinase DFG-Asp is near the charged catalytic Lys, whereas in an inactive ki-

nase it can be in a variety of local environment, e.g., buried in a hydrophobic pocket or

solvent exposed and proximal to the charged HRD-His. It was initially puzzling that the

active-state population decreases as pH increases above pH 5. The analysis showed that it

may be related to the unproductive counterclockwise rotation of DFG-Asp, which prevents

the movement of DFG-Phe and traps the protein in a novel intermediate stabilized by two

salt bridges, between DFG-Asp and catalytic Lys and between αC-Glu and Arg409 in the

A-loop. Interactions of Glu310 with Arg409 and Arg385 have been known to stabilize the

inactive αC position, based on crystal structures (164) and MD studies (150, 153). To our

best knowledge, it is the first time that their impact on the DFG flip was revealed, further

explaining the coupling between the DFG and αC-helix motions.

The current work is subject to several caveats. Although the pH dependence is robust,

the values of the conformational populations are likely not accurate due to the short sam-

pling time. The peak of the active pH range may be too low by 1–1.5 units, resulting from

overstabilization of the deprotonated carboxylates, e.g., DFG-Asp and αC-Glu, and HRD-

Asp. We also note that while Cys, Tyr, and Lys sidechains were allowed to titrate, they did

not change protonation states, i.e., Cys and Tyr remained neutral and Lys remained charged
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in the entire simulation pH range. Although this may well be true, there is a chance that the

default (solution) protonation states were overly favored, as the pKa shifts for Cys, Tyr, and

Lys using the hybrid-solvent CpHMD method have not been extensively validated. Our

recent study employing an improved GB model demonstrated that the catalytic Lys can be

neutral and some Cys can be charged in the DOCO conformations of some kinases (159).

Finally, ATP binding was not considered in this work.

Notwithstanding the caveats, by exploring the proton-coupled conformational dynam-

ics of the c-Src kinase, our simulations provided an intimate view of how key structural

elements are electrostatically coupled to enable a remarkable conformational plasticity.

The novel DOCO intermediate found here can be tested in selective inhibitor design. Per-

haps the most significant finding is that key residues change protonation states to facilitate

the conformational transitions. Proton titration at peak activation pH enables the breakage

and formation of electrostatic contacts at the heart of the kinase catalytic machinery and

allows assembly and disassembly of the structural features required for kinase functions.

The current work represents the beginning of a journey to understand the role of proton

titration in kinase conformational dynamics. Many questions remain to be answered. For

example, what are the electrostatic roles of HRD-Asp, HRD-His, and catalytic Lys? How

does an inhibitor perturbs the electrostatic networks and conformational landscape? Un-

derstanding proton-coupled conformational dynamics may hold a key to further innovation

in kinase drug discovery. The current work also demonstrated the predictive capability

of replica-exchange CpHMD to generate various conformational states for structure-based

kinase inhibitor design.
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Chapter 4

Toward Understanding the Environmental Control of Hydrogel Film

Properties: How Salt Modulates the Flexibility of Chitosan Chains1

4.1 Abstract

Chitosan is a pH-responsive self-assembling polysaccharide that can be electro-deposited

to form a hydrogel film. During electro-deposition a host of dynamic processes occur

simultaneously over a hierarchy of length scales. Experiments have shown that the mi-

crostructure and properties of the deposited gels are highly dependent on the solution con-

ditions and imposed electrical signals. However, detailed mechanisms are not understood.

Here we use molecular dynamics simulations to explore the conformational dynamics of

individual chitosan chains comprised of 20 glucosamine units in aqueous solution. Simu-

lations yield a total persistence length of about 5 nm, in agreement with the lower range of

the experimental estimates and supporting a worm-like-chain model. The surprisingly high

flexibility arises from the glycosidic linkage sampling an appreciable population of anti-ψ

conformation which is associated with backbone bending and higher flexibility. Signifi-

cantly, the presence of added salt increases the anti-ψ population and consequently flex-

ibility for both charged and neutral chains. The latter is due to counter-ion binding and

disruption of an intramolecular hydrogen bond that stabilizes the extended conformation.

Thus, our data suggest that salt concentration modulates the conformation and dynamics of

1Reprinted with permission from Tsai, C.-C., Morrow, B, H., Chen, W., Payne G, F. and Shen, J., Toward
Understanding the Environmental Control of Hydrogel Film Properties: How Salt Modulates the Flexibility
of Chitosan Chains. Macromolecules, 2017, 50, 5946-5952. Copyright (2017) American Chemical Society
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individual chitosan chains in addition to inter-chain hydrogen bonding during pH-induced

self assembly. The insight from this work provides a missing piece of the puzzle towards

understanding the complex mechanism by which solution conditions control the hydrogel

properties of chitosan at the microscopic level which cannot be accessed experimentally.

4.2 Introduction

Chitosan is a pH-sensitive polysaccharide (165) that has found a wide range of appli-

cations in materials (166), biomedical (167) and bioelectronics(168) fields. Formally, chi-

tosan is a copolymer comprised of β-(1-4)-linked D-glucosamine and N-acetyl D-glucosamine

units. The fully acetylated chitosan is also known as chitin. In this work we refer to chi-

tosan as the fully deacetylated chain (Figure 4.1). The pH responsiveness of chitosan arises

from proton titration of the primary amine group. As a result, chitosan chain is a positively

charged polyelectrolyte in acidic solution, while it undergoes a sol-to-gel transition upon

neutralization due to noncovalent forces, e.g., intermolecular hydrogen bonding.

The pH-responsive self-assembling properties of chitosan can be exploited to build bio-

device interface using electro-deposition (168, 169). In the electro-deposition method, a

controlled voltage or current is applied to initiate an electrochemical reaction which gen-

erates a localized pH gradient. The latter enables chitosan to self assemble into a hydrogel

film at the electrode surface. Electro-deposition of chitosan is a rapid process with many

dynamic changes occurring simultaneously over multiple length scales. Experimental stud-

ies have demonstrated that the microstructure and properties (e.g., modulus) of the chitosan

hydrogel are highly dependent on the deposition conditions such as salt concentration and
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imposed electrical signals that initiate deposition (170, 171). Thus, developing the abil-

ity to control deposition requires a molecular and multi-scale understanding of chitosan’s

self-assembly processes.

Molecular dynamics (MD) simulation is a powerful tool that can offer microscopic

structural and dynamical information to complement macroscopic experimental measure-

ments. Our previous MD study examined the self-assembly mechanism of chitosan using

chains comprised of 10 glucosamine units. (84). The study showed that upon neutraliza-

tion the chitosan chains undergo highly favorable intermolecular associations via hydrogen

bonding. Importantly, meta-stable states were formed during self-assembly that are highly

dependent on the solution condition, i.e., presence or absence of salt. Further, this study in-

dicates that a complete understanding of how deposition conditions affect film microstruc-

ture and properties will require a better understanding of the conformation of the individual

chitosan chains.

In this work, we explore the conformational dynamics of soluble chitosan by perform-

ing all-atom MD simulations of a chitosan chain comprised of 20 glucosamine units in

water and solution of 0.5 M NaCl. To understand the intrinsic stiffness as well as the ef-

fect of salt, simulations of a neutral chain in water and salt solution were also performed.

The simulations revealed that although the glycosidic linkage of chitosan mainly samples

the extended syn conformation, there is an appreciable anti-ψ population, which is associ-

ated with backbone bending. Remarkably, the presence of 0.5 M salt increases the latter

population for not only the charged but also the neutral chain due to disruption of an in-

tramolecular hydrogen bond. These data suggest that solution salt modulates the intrinsic

flexibility of individual chitosan chains in addition to inter-chain hydrogen bonding during
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pH-induced self assembly, leading to altered microstructure and mechanical characteristics

of the electro-addressed film.

Table 4.1: Overview of simulations

System Charge Salt (M) Time (ns)
20-mer chaina

1 +20 0 150 × 3
2 +20 0.5 150 × 3
3 0 0 150 × 3
4 0 0.5 150 × 3

10-mer chainb

5 +10 0 300 × 24 × 3
6 +10 0.5 300 × 24 × 3
7 0 0 300 × 24 × 3
8 0 0.5 300 × 24 × 3

aThree independent simulation runs were conducted. bData taken from our previous work (84). The system
contained 24 chains and was subject to three independent simulation runs.

O4 

C1’ C4 

O6’ 
O3 

O5’ 

O5 

O6 

C1 

N2 

N2’ 

Figure 4.1: Structure of a charged chitosan chain. For clarity only three glucosamine
units are shown and nonpolar hydrogens are hidden. Atoms discussed in the main text are
explicitly labeled.

4.3 Methods and Protocols

All-atom molecular dynamics simulations were performed using the program GRO-

MACS (version 5.0) (172). The charged and neutral chitosan chains are presented by the
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CHARMM36 carbohydrate force field(17). A chitosan chain, comprised of 20 glucosamine

units, was placed in an octahedron box with a minimum distance of 10 Å to the edge of

the box. The system was solvated by CHARMM-style TIP3P water molecules ranging

from 50,616 to 52,524. For the charged chain, 20 chloride ions were added to neutralize

the charge. In the systems with 0.5 M NaCl, 461 and 465 NaCl pairs were added to the

respective neutral and charged chain systems by random replacement of solvent molecules.

Each system was simulated three times starting from different random velocity seeds.

Following energy minimization to remove bad contacts, the system was equilibrated

under constant NVT conditions for 100 ps and the temperature was maintained at 300K

with Nose-Hoover thermostat (173) using a time constant of 0.1 ps. Next, the system was

equilibrated under constant NPT conditions for 100 ps, where the pressure was maintained

using the isotropic Parrinello-Rahman pressure coupling method (174) with a time con-

stant of 2.0 ps and compressibility of 4.5 10−5 bar −1. Finally, a 150 ns production run was

performed under the constant NPT conditions at a temperature of 300 K and pressure of 1

bar. Three independent runs were performed for each system with different random initial

velocity seeds. The van der Waals interactions were smoothly switched to zero from 10

to 12 Å. The particle mesh Ewald method (175) was used to calculate long-range electro-

static energies with a sixth-order interpolation and 1Å −1 grid spacing. Bonds involving

hydrogens were constrained using the LINCS algorithm (176) to enable a 2-fs time step.

The simulation setup for the 10-mer chains was described in Ref (84). Simulations

were conducted with 24 fully charged or neural chains in pure water or 0.5 M salt solution.

In the simulations of neutral chains, aggregation occurred after 100 ns. Therefore, the first

100 ns of the trajectories was used in analysis. Table 4.1 summarizes the simulation runs
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for the single 20-mer chains and 24 10-mer chains.

4.4 Results and Discussion

4.4.1 Chitosan chain is more collapsed and flexible with added salt or charge neu-

tralization.

We first examine the overall dimension of the 20-mer chitosan chain in solution by

calculating the average end-to-end distance 〈r〉, a widely-used quantity for characterizing

the size of a polymer (177). Table 4.2 lists 〈r〉 for the charged and neutral chains in water

and 0.5 M NaCl solution: 〈r〉 for the charged chain is the largest (8.3 nm), about 2.3 nm

smaller than the contour (fully stretched-out) length of the chain (10.6 nm). In 0.5 M salt

solution, 〈r〉 of the charged chain is significantly decreased (by 1.3 nm), demonstrating that

the chain is collapsed, which is expected as the electrostatic repulsion among the charged

amine groups is weakened or screened by mobile ions. By the same token, upon neutraliza-

tion of the amine charges in water, 〈r〉 is decreased to a slightly larger extent. Surprisingly,

however, 〈r〉 of the neutral chain decreases further with added salt, suggesting that electro-

static screening is not the only mechanism by which the presence of salt promotes chain

collapse.

Table 4.2: Calculated end-to-end distance and persistence length for the 20-mer chitosan
chain

System Charge Salt (M) 〈r〉 (nm) lp (nm)
1 +20 0 8.3±1.3 5.1±0.2
2 +20 0.5 7.0±1.7 2.8±0.4
3 0 0 6.4±1.6 2.2±0.2
4 0 0.5 5.6±1.9 1.6±0.1

Error bars indicate the root-mean-square fluctuation among
the three independent runs.
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To understand the fluctuation of the overall chain dimension, which is associated with

flexibility, we examine the probability distribution of the end-to-end distance r for the

four systems (Figure 4.2a). Corresponding to the increasing degree of chain collapse, the

peak of the distribution is shifted left in the following order: charged chain in water >

charged chain in salt solution > neutral chain in water > neutral chain in salt solution.

We compare the spread and skewness of the distributions. The distribution of the charged

chain in water has the smallest spread, while that of the neutral chain in salt has the largest

spread, demonstrating the former has the least and the latter the most flexibility. All four

distributions have a negative skewness (longer tails on the left); however, the degree of

skewness decreases from the charge chain in water to the neutral chain in salt solution,

consistent with the increasing degree of flexibility.

4.4.2 Persistence length decreases with added salt or charge neutralization.

Polymer flexibility or stiffness can be quantified by persistence length lp. Using a bond

vector to represent each glucosamine unit on the chain, lp is the distance at which direc-

tional correlation between two bond vectors vanishes (Figure 4.2b). lp can be calculated

by fitting the average cosine angle between two bond vectors that are ∆n bonds apart to the

equation (178, 179),

〈cosθ(∆n)〉 = e−l∆n/lp, (4.1)

where l is the length of a single bond vector, which is 0.56 nm in CHARMM36 force field

(17).

For the worm-like chain model, which considers a polymer as a straight relatively stiff
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Figure 4.2: Presence of added salt or charge neutralization results in smaller end-
to-end distance and persistence length. (a) Probability distribution of the end-to-end
distance r of the chitosan chain. (b) Illustration of the angle θ using vectors i, i+1 and i+2.
(c) Average cosθ vs. ∆n. Solid lines are fitting to Eq. 4.1. θ is defined as the angle between
two adjacent bond vectors, each connecting O4’ and O4 atoms within a glucosamine unit.
∆n refers to the number of bonds separating the two vectors. Error bars represent the
standard deviation. For clarity data points for the neural chains are hidden.

rod made up of a continuous, homogeneous isotropic material, Eq. 4.1 gives the following

relationship between lp and the mean square end-to-end distance (180, 181):

〈
r2〉 = 2lpL

(
1−

lp
L
(1− e−L/lp )

)
, (4.2)

where L = nl is the contour length of the polymer. According to this relationship, for

chitosan chains with high molecular weight (L >> lp),
〈
r2〉 can be approximated as 2lpL.

We examine lp of the charged chain in water and salt solution. From Figure 4.2c it

can be seen that the average cosine angle decays significantly faster with added salt. The

calculated lp is about 5.1 and 2.8 nm in water and salt solution, respectively (Table 4.2).
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The significant decrease in lp demonstrates that electrostatic screening by salt ions greatly

reduces stiffness of the charged chitosan chain, in agreement with the reduction of the

average end-to-end distance and increase of its fluctuation.

Next we compare lp of the charged and neutral chains in water. With charge neutral-

ization, lp is reduced to 2.2 nm. This reduction is 0.6 nm larger than the effect of salt

(Table 4.2), which is understandable, as the effect of charge neutralization can be thought

of as an infinitely high ionic strength. For a polyelectrolyte, the total persistence length can

be considered as the sum of the intrinsic persistence length l0 due to the backbone stiffness

and the electrostatic persistence length le due to the repulsion between the fixed charge sites

(182). l0 can be represented by the persistence length of the neutral chain, while le can be

calculated as the difference between the total persistence length and l0 (182). Thus, our

calculated intrinsic and electrostatic persistence lengths for chitosan in pure water are 2.2

and 2.9 nm, respectively (Table 4.2).

Finally, we compare the neutral chain in water and salt solution. The calculated lp is

about 2.2 and 1.6 nm in water and salt solution, respectively (Table 4.2), indicating that salt

reduces the stiffness of the neutral chain, consistent with the increased fluctuation in r and

decreased average r . We will come back to this point later.

4.4.3 Backbone glycosidic bond samples mainly syn and anti-ψ states.

To understand the microscopic origin of the differing extent of chain collapse and per-

sistence length of the charged and neutral chains in the presence and absence of added salt,

we examine the torsion dynamics around the backbone glycosidic bond. The torsion angles

φ and ψ at the two glycosidic linkage are defined by H1’-C1’-O4-C4 and C1’-O4-C4-H4,
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respectively (Figure 4.3a). We calculated probability distributions of φ and ψ (Figure 4.3b)

as well as the two-dimensional free energy surface (FES) (Figure 4.3c). A global minimum

is located around (φ,ψ) angles of (45◦,-40◦), matching what is known as the syn confor-

mation from NMR data for other β(1-4) linked disaccharides in aqueous phase (183–185)

and the previous simulation study of cellobiosides based on the same force field (186).

The shape of the global minimum, i.e., narrower in φ and wider in ψ direction, is consis-

tent with the larger variation in ψ and smaller variation in φ for 12 different β(1-4)-linked

disaccharides demonstrated in a recent NMR study (187).

The name syn refers to the relative positions of the hydrogen atoms at the glycosidic

linkage (186). For chitosan, however, it is easier to recognize the configuration as the one

where the amine groups are located on the opposite side of the two adjacent in-plane sugar

rings (Figure 4.4a). A closely related configuration is the so-called anti-φ conformation,

which can be seen from the φ distribution as the minor population with φ above 125◦ or

below -100◦ (Figure 4.3b insert). In this state, the amine groups are on the same side of the

sugar rings which results in steric hindrance and electrostatic repulsion making the con-

formation highly unfavorable (Figure 4.4b). In contrast to the two in-plane configurations,

the two sugar rings can also be oriented perpendicular to each other, giving rise to what is

known as the anti-ψ conformation, which can be seen from the ψ distribution as the local

minimum above 90◦ or below -100◦ (Figure 4.3b). From Figure 4.3c it can be seen that the

anti-ψ state has an appreciable population.
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Figure 4.3: Glycosidic linkage samples mainly syn and anti-ψ states and presence of
salt shifts the relative population. (a) Snapshot of a glucosamine unit with the glycosidic
torsion angles φ and ψ shown. Hydrogen atoms are hidden. (b) Probability distributions
of φ and ψ angles. Grey dashed lines indicate the cutoffs used for defining the three states
(under Table 4.3). (c) Free energy ∆G as a function of (φ, ψ) angles. Data taken from
simulations of the charged chitosan chain in water. ∆G was calculated as −kTlnP(φ,ψ),
where P is the probability of finding the dihedral angles in a particular bin, k is Boltzmann
constant and T is temperature 300 K.

4.4.4 Added salt or charge neutralization shifts the population from syn to anti-ψ

state.

We examine the glycosidic conformation of the charged chitosan chain in water and salt

solution. In water, the syn, anti-φ and anti-ψ populations are about 80.1, 1.1 and 18.8%,

respectively (Table 4.3). In 0.5 M NaCl solution, the populations become 71.8, 1.2 and

27.0%, respectively (Table 4.3). Thus, added salt shifts the population from syn to anti-ψ
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state, while the population of anti-φ state remains small and unaffected. The latter is not

surprising, as despite screening of electrostatic repulsion, steric hindrance remains.

We compare the glycosidic conformation of the charged and neutral chitosan chains

in water. The population is shifted by about 21% from syn to anti-ψ state, in the same

direction but larger in magnitude compared to the the salt-induced population shift for

the charged chain (Table 4.3). Consistent with the end-to-end distance and persistence

length, this data suggests that electrostatic repulsion between the charged amine sites is not

completely screened by 0.5 M NaCl.

Comparing the glycosidic conformation of the neutral chain in water and salt solution,

one can see that added salt results in a small 5% shift towards the anti-ψ state (Table 4.3).

This data is consistent with the end-to-end distance and persistence length, and suggests

that salt either destabilizes the syn or stabilizes the anti-ψ state.

Table 4.3: Percentage population of the three glycosidic conformations of aqueous-phase
chitosan.

charge salt (M) syn anti-φ anti-ψ
20-mer chains

+20 0 80.1±0.3 1.1±0.2 18.8±0.2
+20 0.5 71.8±3.3 1.2±0.3 27.0±3.5

0 0 58.3±0.6 1.9±0.2 39.7±0.8
0 0.5 53.8±0.5 1.2±0.2 45.0±0.4

10-mer chains
+10 0 99.0 0 1.0
+10 0.5 98.9 0 1.1

0 0 95.7 0 4.3
0 0.5 96.0 0 4.0

syn conformation is defined by -90◦ ≤ φ ≤125◦ and -100◦ ≤
ψ ≤90◦; anti-φ conformation is defined as φ >125◦ or φ <-
100◦; anti-ψ conformation is defined as ψ >90◦ or ψ <-
100◦. Error bars for the 20-mer chains indicate the root-
mean-square fluctuation among the three independent runs;
they are not shown for the 10-mer chains as the root-mean-
square fluctuation is below 1%.
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4.4.5 10-mer chitosan chain samples only syn conformation.

Does the conformational preference of the glycosidic linkage of chitosan depend on

the degree of polymerization? We examine the conformational populations of a 10-mer

chain which was previously used in the simulations of pH-induced self assembly (84).

Interestingly, regardless of added salt, the syn population is about 99% for the charged

chain and 96% for the neutral chain (Table 4.3). The rest of the population goes to the

anti-ψ state, 1% for the charged chain and 4% for the neutral chain, while the anti-φ state

is negligible. The percentage populations for the neutral chain match those of cellobiosides

simulations (186). The rigidity of the 10-mer chitosan, i.e., nearly exclusive sampling of

the extended state and agreement with the disaccharide data, can be readily understood, as

its fully extended length of 5.3 nm is similar to the calculated total persistence length of

5.1 nm (Table 4.2). For chains that are significantly longer than the total persistence length,

however, the conformational preference of the glycosidic linkage is expected to be similar

to the 20-mer chain and independent of the degree of polymerization.

4.4.6 syn conformation is stabilized by the O5’· · ·HO3 hydrogen bond.

To understand the energetic factors for the glycosidic conformations, we examine pos-

sible intramolecular hydrogen bonds. The glucosamine unit of chitosan contains four po-

tential hydrogen bonding sites (O3, O5, O6, and N2)(Figure 4.1). The crystal structures of

anhydrous (188) and hydrated (189) forms of chitosan reveal an intramolecular hydrogen

bond between O5’ and O3 hydroxyl and an intermolecular hydrogen bond between N2 and

O6. The former is believed to confer stability of the extended chain conformation, while
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the latter is thought to lock the chains into the crystalline state.
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Figure 4.4: Intramolecular hydrogen bonds are formed in syn and anti-φ conforma-
tions. (a) Snapshots of the three glycosidic conformations. Hydrogen bonds are indicated
by dashed lines. Hydrogen atoms are hidden for clarity. (b) Probability distribution of O5–
HO3 distance in syn conformation. (c) Probability distributions of O3–HN2 and O5’–HO6
distances in anti-φ conformation. The grey dashed line represents the donor-acceptor cutoff
distance of 2.5 Å which was used to define a hydrogen bond. Distances were taken from
three bins (syn, anti-φ and anti-ψ) and analyzed separately. Distributions for the anti-ψ
conformation are not shown.

We analyzed the probability distributions of the distances between potential hydrogen

bonding partners in the three glycosidic conformations. As expected, the perpendicular

ring configuration prevents the formation of hydrogen bonds in the anti-ψ state (Figure 4.4a

bottom). In contrast, the syn state is stabilized by a hydrogen bond between O5’ and HO3

with an occupancy of about 52% (Figure 4.4a top and 4.4b), while in the anti-φ state, two

hydrogen bonds are found between HN2’ and O3 and between O5’ and HO6, with the occu-
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pancies of 62% and 39%, respectively (Figure 4.4c). Considering the low population of the

anti-φ state, the stabilization by hydrogen bonding is apparently insufficient to overcome

the penalty due to steric hindrance. We note that the presence of O5’· · ·HO3 hydrogen bond

in the syn state and HN2’· · ·O3 hydrogen bond in the anti-φ state are in agreement with the

previous study of cellobiosides (N2’ is replaced by O2’), while O5’· · ·HO6 hydrogen bond

was not observed in that study (186).

4.4.7 Why does solution salt shift the population from syn to anti-ψ state?

Figure 4.5a shows that the amine N-to-N distance samples a range of 0.78–0.88 nm in

the syn state, while the range is 0.6–0.85 nm in the anti-ψ state. Thus, electrostatic repul-

sion makes the anti-ψ conformation energetically unfavorable for the charged chain. In the

presence of 0.5 M NaCl, however, the electrostatic interaction is significantly screened due

to binding of the chloride counter ion to amine group, as demonstrated by the high peak

in the radial distribution function (RDF) of chlorides around nitrogen. The peak magni-

tude of 17 indicates a probability of finding a chloride ion that is 17 times the bulk value

(Figure 4.5b, red).

For the neutral chain, chloride does not bind nitrogen, as indicated by the low intensity

of the RDF peak (0.6) (Figure 4.5b, black). However, it occasionally binds the O3 hydroxyl

hydrogen atom (HO3), as demonstrated by the snapshot (Figure 4.5c) where the O5–HO3

hydrogen bond is disrupted, and the RDF peak with a magnitude of 2.4 (Figure 4.5d,

black). We note, the corresponding peak for the charged chain is much higher, which

can be attributed to the additional attraction by the positive amine group (Figure 4.5d, red).

These data suggest that chloride ions not only provide electrostatic screening to weaken the
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charge-charge repulsion prevalent in the anti-ψ state, but also interfere with intramolecular

hydrogen bonding which stabilizes the syn state. As a result, the presence of salt induces a

population shift from syn to anti-ψ state.
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Figure 4.5: Ion binding weakens charge-charge interactions and hydrogen bonding.
(a) Probability distribution of the distance between the nitrogen atoms of the two neighbor-
ing amine groups in the syn and anti-ψ states. Prior to the calculation trajectory snapshots
were binned to the three glycosidic states. Distance plot for the anti-φ state is not shown.
(b) Radial distribution function g(r) of Cl− around amine nitrogen for the charged and neu-
tral chains in the presence of 0.5 M NaCl. (c) Zoomed-in view of a neutral chain with
chloride binding to the HO3 atom. (d) g(r) of Cl− around the HO3 atom for the charged
and neutral chains in the presence of 0.5 M NaCl.

4.4.8 Different glycosidic conformations are associated with different glycosidic link-

age angles.

To understand how glycosidic conformation influences persistence length and chain

flexibility, we examine the distribution of the glycosidic linkage angle for syn, anti-φ and

88



anti-ψ states. The linkage angle is defined as that between the vector from O4 (center of

the glycosidic linkage) to C4’ and the vector from O4 to C1 (Figure 4.6a). While large

angles correspond to more extended regions in the chain, small angles correspond to turns.

Consistent with the visual impression (Figure 4.4a), Figure 4.6b shows that syn state

samples the largest linkage angle around 150◦, while anti-ψ state samples the smallest angle

around 115◦ and anti-φ state samples an intermediate angle around 125◦ (Figure 4.6b).

Interestingly, the width of the distribution for syn state is about 50◦, indicating that the

backbone is flexible to some degree even in the extended state. The distributions of syn

and anti-ψ states are well separated, which implies that the two glycosidic conformations

are responsible for straight and bent regions in the chitosan chain, respectively. Thus, a

population shift from syn to anti-ψ state leads to smaller persistence length and higher

flexibility.

4.4.9 Comparison to experimentally derived persistence length.

The backbone flexibility of chitosan has been a topic of debate. Recent experimen-

tal measurements of the molecular weight dependence of the gyration radius or intrinsic

viscosity gave a wide range of persistence length, from 4 nm to 16 nm (190–195). There

are several factors contributing to the large variation. The concentration-dependent aggre-

gation which becomes exacerbated with increasing degree of acetylation and molecular

weight results in overestimated lp (192–194). The dependence on the degree of polymer-

ization and acetylation (193) as well as the particular fitting model used to derive lp (195)

also contribute to the large uncertainty. Furthermore, it was pointed out that the reliability

of the experimentally derived lp is affected by the choice of solvent, salt, ionic strength, pH
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and refractive index increments (191, 193).

Our simulations yielded a total persistence length of 5 nm, which supports the lower

range of the experimental estimates, e.g., by Rinaudo et al. (intrinsic lp of 5 nm) (190)

Schatz et al. (4.3–5 nm) (192)) Lamarque et al. at zero degree of acetylation (4–6 nm)

(193), Berth et al. (6 nm) (196), and Christensen et al. (8.1 nm) (194). Our calculated

intrinsic persistence length of 2.2 nm is 2–3 nm lower than the model estimates by Rinaudo

et. al (5 nm) (190) and Christensen et. al (4–5.1 nm) (194). Note, the latter group estimated

a total persistence length of 8.1 nm (194). Considering that the current CHARMM carbo-

hydrate force field very slightly underestimates the population of the syn state based on the
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comparison between simulations of cellobiosides and NMR data (186), it is possible that

our simulations underestimated the persistence length (both intrinsic and total) by about 2

nm. We note that the intrinsic persistence length of chitosan was estimated to be around

9 nm in an early modeling study (197). The discrepancy can be attributed to conforma-

tional sampling and force field. While in the early study the chitosan chains were subject to

very limited conformational variation via Monte-Carlo sampling under a simplified force

field (197), our work makes use of extensive (µs) molecular dynamics trajectories and well

validated modern force field (17).

4.5 Conclusions

Our simulation data suggest that soluble chitosan is flexible with a total persistence

length of 5–7 nm, in agreement with the lower range of the experimental estimates and

supporting the worm-like-chain model. To understand the flexibility at the microscopic

level, simulations showed that the glycosidic linkage samples an appreciable population of

anti-ψ conformation, which is associated with backbone bending. Significantly, our data

showed that the presence of added salt reduces the end-to-end distance and increases the

flexibility for both charged and neutral chitosan chains, due to a population shift from the

extended syn to anti-ψ state.

Analysis revealed that chloride binding disrupts the O5’–HO3 hydrogen bond thereby

increasing the intrinsic (neutral chain) flexibility. For the charged chain, the flexibility

further increases in the presence of salt due to electrostatic screening by chloride counter

ions which reduces the energetic penalty for the anti-ψ state. The ion interference with
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the HO3–O5’ hydrogen bonding is in agreement with the simulations of cellulose in ionic

liquids (198) and consistent with our previous finding that short-lived intermolecular hy-

drogen bonds are disrupted in the presence of NaCl in the self assembly process of chitosan

(84). Dissolution of cellulose in ionic liquids is due to the breakage of intermolecular hy-

drogen bonding by chloride ions has also been suggested based on experiments (199, 200).

The role of NaCl in disrupting hydrogen bonding is reminiscent of the phenomenon

that small ions with high density (also known as kosmotropes) destroy solvent water-water

hydrogen bonds due to the electrostatic competition (201).

Polysaccharides are commonly perceived as highly rigid in the computational litera-

ture, as published studies have been based on small oligosaccharides or fibers (e.g., see Ref

(84, 186, 202–206)). The stark contrast between the 10-mer and 20-mer chitosan chains

demonstrated that the conformational properties of solution phase polysaccharides can be

learned only if the model chains are significantly longer than the persistence length. By

the same token, validations of carbohydrate force fields need to go beyond small oligosac-

charides (203, 206). In this context, a caveat of the current study is the use of a single,

limited chain length which may somewhat affect the accuracy of the calculated persistence

length as well as the relative glycosidic populations, However, we believe the qualitative

conclusions are robust.

Our findings provide a missing piece of puzzle towards understanding how salt mod-

ulates the gelation process of chitosan. In the absence of salt, chitosan chains are more

extended and ready to form inter-molecular hydrogen bonds during self assembly that con-

tribute to mechanical strength of the hydrogel. However, in the presence of salt, chitosan

chains are more collapsed and flexible, which may lead to less available sites for forming

92



inter-molecular hydrogen bonds and hence reduced mechanical strength. Understanding

the complex environmental control of the chitosan film properties requires accurate model-

ing of intra-, inter-molecular forces as well as the influence of electric field and pH gradient

during the electro-deposition process. Our future work will address the missing aspects.
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Chapter 5

Exploring pH-Responsive, Switchable Crosslinking Mechanisms for

Programming Reconfigurable Hydrogels Based on

Aminopolysaccharides1

5.1 Abstract

Dynamic, stimuli-responsive, reconfigurable materials are finding growing interest and

applications. A recent experiment (He et al., Adv Funct Matter, 2017) demonstrated a

pH-responsive, reconfigurable hydrogel film based on a single biopolymer chitosan and

two physical crosslinking mechanisms. Here we use state-of-the-art molecular dynam-

ics simulations to gain atomically-detailed insights into the three salient features of this

experimental system: 1) a pH-responsive switch between the crystalline network junc-

tions formed by intermolecular hydrogen bonding between chitosan chains and electro-

static crosslinks based on sodium dodecyl sulfate (SDS) micelles; 2) viscoelastic behavior

of the SDS-crosslinked network; and 3) a stable but erasable gradient between the two

crosslinked regions. Our simulations showed that the electrostatic crosslinks are formed

through the pH-dependent salt-bridge interactions between the chitosan glucosamines and

SDS sulfates. Interestingly, the strength and directionality of the salt-bridge interactions

give rise to complementary shape changes, despite the intrinsic stiffness of the chitosan

1Reprinted with permission from Tsai, C.-C., Payne G, F. and Shen, J., Exploring pH-Responsive,
Switchable Crosslinking Mechanisms for Programming Reconfigurable Hydrogels Based on Aminopolysac-
charides. Chem. Mater., 2018, 30, 8597-8605. Copyright (2018) American Chemical Society
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chain or the hydrophobic forces that keep the micelle intact. Additionally, the salt-bridge

contacts display temporal and spatial dynamics, which offers a microscopic explanation

of the viscoelastic properties of the SDS-crosslinked network. Another significant finding

is the pKa difference between the chitosan crystallite and the SDS-bound chitosan chain,

which provides a physical origin for the persistent but erasable gradient in the structural

and mechanical properties between the two crosslinked regions. pKa gradients are integral

to protein structures and functions; our finding suggested that they may be important for

polysaccharides and broadly exploited for designing pH-responsive, reconfigurable, com-

plex, multi-functional materials. Our work provides a glimpse at how modern computer

simulations can advance the understanding and potentially guide the design of novel soft

matter.

5.2 Introduction

Designing smart, dynamic materials that can respond, heal, remember, and reconfigure

has growing interest in recent years (207–209). Typically, such dynamic properties require

the use of physical crosslinking mechanisms that operate either alone or in combination

with other crosslinking mechanisms (e.g., in interpenetrating networks) (210, 211). The

growing interest is motivating efforts to identify reversible stimuli-responsive crosslinking

mechanisms (212, 213). Recently, He et al. reported a hydrogel film that enlists a single,

naturally abundant biopolymer and two reversible, pH-responsive physical crosslinking

mechanisms (214). The biopolymer is chitosan, which is comprised of glucosamine units

and derived from the second most abundant natural biopolymer chitin through deacetyla-
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tion. The amino groups of the glucosamine units can protonate and deprotonate, giving

rise to the pH-responsiveness of chitosan-based hydrogels (215). In the experiment of He

et al. (214), one crosslinking mechanism is operative at low pH and involves electrostatic

crosslinks between the protonated (charged) chitosan chains and anionic micelles of sodium

dodecyl sulfate (SDS). The second crosslinking mechanism is operative at high pH when

the chitosan chains are deprotonated (neutral) and self-assemble to form crystalline net-

work junctions. Each crosslinking mechanism confers different properties to the network

and the ability to reversibly switch between the two mechanisms enables the network to be

reconfigured. The objective of the current work is to provide detailed mechanistic insights

into three salient features of this experimental system using the state-of-the-art molecule

dynamics simulations.

The first feature is the pH-responsive switching between two crosslinking mechanisms

(Scheme 5.1a). Scheme 5.1a illustrates the experimental results which indicate that strong

electrostatic interactions bind the protonated chitosan chains with SDS micelles, but these

interactions are abolished at high pH, allowing deprotonated chitosan chains to associate

into crystalline network junctions through the formation of intermolecular hydrogen bonds.

Macroscopically, SDS-crosslinking of protonated chitosan chains yields hydrogel films that

are stable: the protonated chitosan chains do not dissolve and the SDS is not readily diluted

out of the network. However, when the pH is increased to deprotonate the chitosan chains,

the SDS micelles are easily diluted from the network and the electrostatic crosslinks are

replaced by the crystalline network junctions.

Switching between the two crosslinking mechanisms enables mechanical properties

to be altered (Scheme 5.1b). Unlike the crystalline network that confers elasticity, the
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Figure 5.1: Schematic illustration of the three salient features of a pH-responsive, re-
configurable hydrogel film based on a single biopolymer and two physical crosslinking
mechanisms (214). (a) Adding acidic SDS solution allows the formation of electrostatic
crosslinks, while adding basic solution removes the SDS micelles and allows the forma-
tion of hydrogen-bond-based crystalline network junctions. (b) SDS-crosslinked network
shows dynamic responsiveness to mechanical forces. (c) Patterned hydrogel film shows
a stable but erasable gradient between the elastic crystalline junction regions made up of
neutral chitosan chains and the viscoelastic SDS-crosslinked regions involving charged
chitosan chains.

SDS-chitosan network confers dynamic responsiveness to mechanical forces. Specifically,

mechanical testing indicated that the electrostatic crosslinks are strong and confer consid-

erable strength to the network (i.e., high Young’s modulus); however, the SDS-crosslinked

networks are deformable and confer viscoelasticity. As illustrated in Scheme 5.1b, this

behavior suggests that the interactions between SDS micelles and the protonated chitosan

chains are strong (i.e., to confer mechanical strength) but can be broken and reformed to

absorb mechanical stresses (i.e., to confer toughness). The final and perhaps most sur-

prising feature of this experimental system (214) is the ability to create stable gradients

in structure as illustrated in Scheme 5.1c. Specifically, a chitosan film could be patterned

to contain electrostatically crosslinked SDS-chitosan regions adjacent to regions that were

crosslinked by crystalline network junctions involving neutral chitosan chains. The gradi-

ents in structural and mechanical properties (elastic vs viscoelastic) persisted in the absence
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of a pH gradient. Macroscopically, the ability to pattern films with different structural fea-

tures enables films to be created with spatially-varying, anisotropic properties, while the

reversibility of these interactions allows these gradients to be erased and re-patterned. Im-

portantly, the simplicity of patterning and erasing allows the films to be reconfigured using

only acid, base, and SDS (i.e., without the need for additional reagents, light, or heat).

Intrigued by the above experimental system and its potential applications to fabricate

stimuli-responsive, reconfigurable soft materials, we carried out a computational study us-

ing the state-of-the-art continuous constant pH (216, 217) and traditional molecular dynam-

ics (MD) simulations. Continuous constant pH method is a special simulation technique

that enables MD to be performed with simultaneous proton titration for any number of

titratable sites at a specified pH (see a recent review (38)). We have previously applied the

all-atom continuous constant pH MD (216, 217) with the pH replica-exchange sampling

protocol (65) to study the atomically detailed mechanism of pH-dependent self-assembly

of chitosan and the effect of salt (84). Here we combine replica-exchange constant pH

and conventional MD simulations to gain detailed insights into the three features of the

chitosan-SDS system (Scheme 5.1).

Our simulations revealed that the chitosan chain and SDS micelle associate due to the

pH-dependent salt-bridge formation. Microscopically, the salt bridges break and form re-

peatedly and they change locations, explaining the dynamic response of the SDS-crosslinked

network to mechanical stress. Simulations revealed a significant pKa upshift for the SDS-

bound chitosan chain, in contrary to the chain in the model crystallite which has a pKa

downshift (84, 218). This pKa difference is responsible for the persistent structure gradient

between the regions formed by the two different crosslinking mechanisms. These data and
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analysis offer detailed physical insights into the pH-responsiveness, viscoelasticity, and re-

configurability of the aforementioned chitosan-SDS system; the new insights may be used

to guide future experimental design for programming soft matter with complex, reconfig-

urable patterns and properties.

Methods and Protocols

5.2.1 System preparation.

The fully protonated 10- and 20-mer chitosan chains were built in the extended con-

figurations with the CHARMM program (version c37a2) (21). The extended chains were

then placed near a SDS micelle, where the distance between the center of mass of the do-

decyl C12 atoms and the nearest glucosamine nitrogen atom was 3.4 nm for the 10-mer

and 2.7 nm for the 20-mer chitosan chain (Figure 5.2a). The SDS micelle composed of 60

charged dodecyl sulfate molecules was built and equilibrated in water prior to the simula-

tions, following our previous work (66). The chitosan-SDS systems were solvated with the

CHARMM modified TIP3P water molecules in an octahedron box, which extends at least

1 nm from the solute heavy atoms to all directions, resulting in 28,527 and 54,697 water

molecules for the 10- and 20-mer chitosan-SDS systems, respectively. To neutralize the

simulation box, 50 and 40 sodium ions were added, respectively.

5.2.2 Conventional fixed protonation-state all-atom molecular dynamics simulations.

All-atom molecular dynamics simulations were performed using the program GRO-

MACS (version 5.0) (172). The chitosan chains were represented by the CHARMM36
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carbohydrate force field (17), and the dodecyl sulfate molecules were represented by the

CHARMM27 lipid force field (219). The parameters for sulfate were the same as for

methyl sulfate. Energy minimization and equilibration were performed under constant

NVT followed by constant NPT conditions, following the protocol from our previous work

(220), whereby a harmonic restraint with the force constant of 1,000 kJ/mol·nm2 was ap-

plied to all heavy atoms. Following equilibration, 40 ns and 150 ns unrestrained production

runs were performed for the 10- and 20-mer chitosan-SDS systems, respectively. The re-

spective first 10 and 25 ns were discarded in the analysis. For the 20-mer system, another

production run was performed in which a harmonic restraint with the force constant of

1,000 kJ/mol·nm2 was applied to the glycosidic linkage atoms. This restrained simulation

lasted 50 ns and the first 20 ns was discarded in data analysis.

All production runs were performed under constant NPT conditions at a temperature

of 300 K and pressure of 1 bar, controlled by the Nose-Hoover thermostat (173) and the

isotropic Parrinello-Rahman pressure coupling method (174), respectively. Bonds involv-

ing hydrogens were constrained using the LINCS algorithm (176). The van der Waals

interactions were smoothly switched off from 1 to 1.2 nm, and the particle-mesh Ewald

method (175) with a real-space cutoff of 1.2 nm, sixth-order interpolation, and 0.1 nm grid

spacing, was used to calculate long-range electrostatic energies and forces.

5.2.3 All-atom continuous constant pH molecular dynamics simulation.

The all-atom CpHMD simulation with pH replica exchange was performed for the 10-

mer chitosan-SDS system using the CHARMM program (version c37a2), where the all-

atom CpHMD method (216) with the titratable water (217) and pH-based replica-exchange
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protocol (65) was first implemented. The last snapshot from the fixed-protonation-state

simulation of the 10-mer chitosan-SDS system was used as the starting configuration. To

reduce the system size, the chitosan-SDS complex was resolvated with 8,386 CHARMM

modified TIP3P water molecules in an octahedron box which extends at least 1 nm from

the solute heavy atoms to all directions. For maintaining system neutrality, 60 randomly se-

lected water molecules were replaced by 50 sodium ions and 10 titratable water molecules.

During the simulation, each titratable water, freely movable, was coupled to one glu-

cosamine such that the titratable water is converted to a hydronium ion when the amine

deprotonates.

The solvated chitosan-SDS system was first energy minimized using the steepest de-

scent followed by the adopted basis Newton-Raphson method with the solute heavy atoms

fixed and then harmonically restrained with a force constant of 5 kcal/mol·Å2 to relax the

hydrogen positions. The system was then heated from 100 to 300 K within 80 ps with the

solute heavy atoms harmonically restrained with a force constant of 5 kcal/mol·Å2. Fol-

lowing heating, the system was equilibrated for 60 ps under harmonic restraints, where

the force constant was gradually reduced from 5 (20 ps), to 1 (20 ps), and 0.1 (20 ps)

kcal/mol·Å2. Finally, the restraints were removed and the system was equilibrated for an-

other 20 ps. Heating and equilibration were performed at a single pH (pH 7). Finally, a

production run was performed with the pH-based replica-exchange protocol (65), whereby

16 molecular dynamics replica trajectories were run in parallel under constant NPT con-

dition at a temperature of 300 K and pressure of 1 atm. Each replica was assigned an

initiated pH condition taken from the pH range 5–12.5 with an interval of 0.5 pH. At every

500 molecular dynamics steps (1 ps), the pH conditions of the replicas adjacent in pH were
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allowed to swap according to the Metropolis criterion. The simulation lasted 10 ns per

replica, with an aggregate time of 160 ns.

5.3 Results and Discussion

5.3.1 Electrostatic attraction drives the complexation of the protonated chitosan

chain and the SDS micelle.

In experiment, an electrodeposited neutral chitosan film was found stable after soaking

in a strongly acidic SDS solution (214). Elemental analysis and FTIR spectroscopy sug-

gested that electrostatic interactions between the anionic SDS and cationic glucosamines

are formed, resulting in a SDS-crosslinked chitosan film (214). To explore details of

the electrostatic crosslinks, we performed the conventional MD simulations using a fully-

protonated chitosan chain, composed of either 10 or 20 glucosamine units, and a micelle

comprised of 60 dodecyl sulfates in a box of water. In the starting configuration, the fully

extended chitosan chain was placed some distance away from the SDS micelle (Figure

5.2a). MD simulations under ambient temperature and pressure were performed for 40 and

150 ns for the 10- and 20-mer chitosan systems, respectively.

Driven by the electrostatic attraction between the cationic glucosamine units and an-

ionic SDS headgroups, both the 10- and 20-mer chitosan chains associated with the micelle

within 1 ns, as evident from the drastic decrease in the minimum and maximum distances

between the center of mass (COM) of the dodecyl C12 atoms and the glucosamine nitro-

gens from 2.7 and 6.5 nm to about 1.5 and 2.6 nm, respectively (Figure 5.2a). These dis-

tances are comparable to the minimum and maximum distances from the micellar COM to
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Figure 5.2: Chitosan-SDS micelle binding significantly reduces the stiffness of the pro-
tonated 20-mer chitosan chain. (a) Minimum (black) and maximum (brown) distances
between the COM of the dodecyl C12 atoms and the glucosamine nitrogens as a function
of simulation time for the 20-mer chitosan chain. Inset figure shows the time course of the
minimum distance in the first 4 ns. The starting configuration is shown above, with water
and counterions hidden. (b) Representative snapshots corresponding to the peaks of the
end-to-end distance distributions shown in (c). (c) Probability distributions of the end-to-
end distances. End-to-end distance refers to that between O1 atom of the first glucosamine
unit and O4 atom of the last glucosamine unit. Data for the SDS-bound and free (in water)
10-mer chitosan chain is colored black and gray, respectively. Data for the SDS-bound
20-mer chitosan chain is colored magenta, and data for the corresponding free chains in
water, 0.5 M salt solution, and with deprotonated amines in water is colored brown, blue,
and cyan, respectively. Data for the free chitosan chains are taken from our previous sim-
ulations (220). (d) Occupancy of the intramolecular O5′ · · ·HO3 hydrogen bond (snap-
shot shown above) for the SDS-bound (magenta) and free 20-mer chitosan chains in water
(brown), salt solution (blue) and with deprotonated amines (cyan). A hydrogen bond was
considered present if the O5′ · · ·HO3 distance is below 0.25 nm.

the sulfur atoms and they remained stable in the rest of the simulations, indicating that the

chitosan chains are tightly adsorbed into the micelle headgroup regions. Visualization con-

firmed the formation of stable chitosan-micelle complexes (Figure 5.2b), consistent with

the earlier experimental (221–223) and theoretical work (224, 225) as well as the more

recent molecular dynamics studies (226, 227), which demonstrated the binding of flexible

polyelectrolytes to the oppositely charged micelles (or hard spheres in the theoretical mod-
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els (224, 225)). Interestingly, simulation snapshots also revealed that three SDS molecules

from the micelle bound to the 20-mer chitosan chain dissociated into the solution (data not

shown), which is consistent with earlier experimental (228, 229) and theoretical studies

(224), which showed a reduction in the critical micellar concentrations due to polyelec-

trolyte binding.

Polysaccharides are generally considered stiff polymers (206, 230); however, the flexi-

bility of chitosan remains controversial due to a wide range of experimentally derived per-

sistence length (4–16 nm) (195). Our previous simulations of the protonated/deprotonated

10- and 20-mer chitosan chains showed that chitosan is semi-flexible, with a calculated per-

sistence length of 5.1 nm, which is the contour length of about 10 glucosamine units (220),

in agreement with the lower range of the experimental estimates (4–6 nm) (192–194, 196).

The tight adsorption of the 10- and 20-mer chitosan chains on the SDS micelle surface sup-

ports the semi-flexible coil model, as stiff polyelectrolytes do not bind oppositely charged

colloids, according to both experimental (222, 223) and theoretical work (224, 225, 231).

5.3.2 The 20-mer chitosan chain folds upon binding to the SDS micelle.

The configurations of the 10- and 20-mer chitosan chains adsorbed on the SDS micelle

are markedly different. The micelle-bound 10-mer chain is similarly extended as the cor-

responding free chain in water, as evident from the snapshot (Figure 5.2b1) and the similar

end-to-end distance distributions (Figure 5.2c, top). In contrast, the micelle-bound 20-mer

chain is folded (Figure 5.2b2 and b3), unlike the corresponding free chain in water, which is

largely extended (Figure 5.2b4). The end-to-end distance distribution of the micelle-bound

form is left shifted relative to the free chain in water by more than 6 nm and displays a peak
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at 3 nm (Figure 5.2c, bottom, magenta). The latter distance is similar to the diameter of

the SDS micelle (∼3.2 nm), as the the chitosan chain is wrapping around the micelle (Fig-

ure 5.2b2). Interestingly, the distance distribution extends to below 1 nm, as the chitosan

chain occasionally forms a nearly closed loop (Figure 5.2b3).

Earlier theoretical work (225, 231) suggested that intramolecular contraction of a poly-

electrolyte chain upon complexation with a macroion is a general phenomenon and can

be attributed to the reduced electrostatic repulsion between charges on the polyelectrolyte.

To test the hypothesis that the intramolecular contraction of the 20-mer chitosan chain

upon chitosan-micelle binding is due to the reduced electrostatic repulsion between glu-

cosamines, we compared the end-to-end distance distribution of the micelle-bound chain

to the corresponding free chain in 0.5 M salt solution and that with the deprotonated amines

(Figure 5.2c, bottom). Surprisingly, while the distributions of the salt-screened and neutral

chains are similar, they are right shifted by about 5 nm relative to the micelle-bound form,

which indicates that the end-to-end distance of the micelle-bound chitosan chain is 5 nm

smaller than the salt-screened or neutral chains. Thus, reduction in electrostatic repulsion

is not the only reason for the substantial chain folding upon chitosan-SDS micelle binding.

5.3.3 Salt-bridge interactions direct the chitosan chain to conform to the spherical

micelle surface.

In addition to the reduction in the intramolecular charge-charge repulsion, our previous

simulation study demonstrated that the presence of salt or charge neutralization increases

the chitosan chain flexibility by disrupting the intramolecular O5′ · · ·HO3 hydrogen bonds

(220), which provides stabilization for the extended chain conformation, as shown in the
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X-ray structures of the anhydrated and hydrated forms of chitosan (188, 189). Thus, before

considering other mechanisms for the chitosan chain folding, we calculated the occupancy

of the O5′ · · ·HO3 hydrogen bonds for the micelle-bound 20-mer chain and compare it to

the corresponding salt-screened and charge-neutralized free chains (Figure 5.2d). Relative

to the occupancy of 37%±11% for the protonated 20-mer chitosan chain in water, addition

of salt, charge neutralization, and micelle binding reduces the occupancy by 5, 6, and 9%,

respectively. Thus, disruption of the intramolecular hydrogen bonds is one mechanism by

which micelle binding reduces the chitosan chain stiffness.

Taking the above data and analysis together, we suggest that the substantial folding of

the 20-mer chitosan chain is due in part to the electrostatic compensation by the anionic

SDS molecules, similarly as salt screening and charge neutralization, but more importantly

it is due to the specific salt-bridge interactions between the individual SDS sulfates and

chitosan amines. The salt-bridges provide not only strong electrostatic forces but also

directional (charged) hydrogen bonds (232), which allow the SDS micelle to serve as a

“template”, directing the chitosan chain to conform to the spherical micelle surface.

One lingering question is why the SDS-bound 10-mer chitosan chain remains similarly

extended as the corresponding free chain in water, given the salt-bridge interactions. We

suggest that this is due to the short contour length of the 10-mer chain, which is only about

2 nm (or 3 glucosamine units) longer than the diameter of the micelle. In the presence of

slight flattening of the micelle (see later discussion), all 10 glucosamine units are able to

form salt-bridge contacts with the sulfate groups without having to invoke chain folding, as

evident from the snapshot (Figure 5.2b).
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5.3.4 pH-dependent dissociation of the chitosan-SDS complex is due to the disrup-

tion of amine-sulfate salt-bridges.

In experiment (214), soaking the chitosan film with SDS patterns in basic solutions

completely removes SDS, presumably due to the deprotonation of the amines and the re-

sulting loss of the electrostatic interactions between the chitosan and SDS micelle. To

explore details of the pH-dependent interactions, we carried out the state-of-the-art all-

atom continuous constant pH molecular dynamics (CpHMD) simulation (216, 217) with

pH replica-exchange (65) for the 10-mer chitosan-SDS complex. The 20-mer system is ex-

pected to follow the same mechanism and considering a much higher computational cost it

was not simulated. The simulation consisted of 16 replica trajectories, initiated from differ-

ent pH conditions (5–12.5) but the same configuration (Figure 5.3a) taken from the end of

the protonated 10-mer chitosan-SDS simulation. The replicas periodically exchanged pH

according to the Metropolis criterion (65). The system was simulated for 10 ns per replica,

for an aggregate sampling time of 160 ns.

Consistent with experiment (214), the simulation snapshots showed that the chitosan

chain remains adsorbed on the SDS micelle surface at low pH conditions, where the glu-

cosamines are fully protonated, and dissociation occurs at high pH, where the glucosamines

are deprotonated (Figure 5.3a). To quantify it, we followed the time course of the distance

between the second amine nitrogen on the chitosan chain and the nearest SDS sulfur atom

at different pH. Figure 5.3b displays the data for two pH. At pH 6, the N-O distance fluc-

tuates around at 0.4 nm during the entire simulation, suggesting that the chitosan-SDS

complex (Figure 5.3a) is formed. In contrast, at pH 10, the N-O distance increases steadily
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with time and at the end of the simulation three or more glucosamine units are peeled off

from the micelle (Figure 5.3a). We note that a complete dissociation requires much longer

simulation time and is not investigated here.
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Figure 5.3: pH-dependent interaction between the 10-mer chitosan chain and the SDS
micelle. (a) Snapshots of the chitosan chain adsorbed on the SDS micelle at pH 6 (cyan)
and partially dissociated from SDS at pH 10 (magenta). (b) Time course of the distance
between the second amine nitrogen of the chitosan chain and the nearest SDS sulfur for
pH 6 (orange) and 10 (magenta). For clarity, a running average was taken every 250 ps.
(c) Probability map showing the correlation between the amine protonation state and the
distance between the amine nitrogen and the nearest sulfate oxygen. λ < 0.2 represents the
protonated state and λ > 0.8 represents the deprotonated state. The data at pH 8 was used.
(d) Probability of the amine-sulfate salt-bridge formation as a function of pH. The standard
deviations are shown as error bars. A salt-bridge is considered formed if the N-O distance
(defined in c) is below 0.4 nm.

The correlation between the amine deprotonation and chitosan-SDS dissociation is evi-
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dent from the probability map as a function of the amine protonation state and the distance

between the amine nitrogen and the nearest sulfate oxygen (Figure 5.3c). When the amine

is protonated, the most probable N-O distance is about 0.3 nm, demonstrating a salt-bridge

interaction between the amine and the nearest sulfate. When the amine is deprotonated,

however, the N-O distance adopts a wide range of values, indicating that the salt-bridge in-

teraction is disrupted. To further quantify the pH-dependence of the salt-bridge formation,

we calculated the probability of salt-bridge formation at the simulated pH conditions (Fig-

ure 5.3d). As pH increases from 5 to 10, the salt-bridge probability decreases from 45%

to nearly zero. Thus, microscopically, the removal of SDS micelles from the electrostati-

cally linked chitosan matrix in basic solutions (214) is due to the loss of the amine-sulfate

salt-bridges. We note, the large standard deviations of the salt-bridge probabilities at low

pH demonstrate the dynamical nature of the interactions, i.e., salt bridges can break and

reform, consistent with the distance analysis shown in Figure 5.3b. We will come back to

this point later.

5.3.5 The glucosamine pKa’s are significantly upshifted in the chitosan-SDS micelle

complex.

Our previous work (84) gave a macroscopic pKa of 6.8 for the glucosamines in a model

chitosan crystallite, in agreement with the NMR-derived pKa of 6.6 (233). The simulations

(84) further demonstrated that the pKa for the model crystallite is 0.6 units lower than

the pKa (7.4) for a free chain in water and 0.9 units lower than the pKa (7.7) for a single

glucosamine molecule in water. The pKa downshift for the crystallite can be attributed to

the hydrophobic environment which stabilizes the deprotonated, neutral state of the amino
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group (84). In contrast, when associated with the SDS micelle, the pKa is expected to shift

up relative to the free chain, as the protonated, charged state of glucosamines is stabilized

by the electrostatic interactions. Figure 5.4a shows the simulated titration curves for the 10-

mer chitosan adsorbed on the SDS micelle, a 4-mer chitosan chain in water, and a model

crystallite comprised of 16 10-mer chitosan chains. Indeed, the calculated macroscopic

pKa for the SDS-bound chitosan is 7.9, which is 0.5 and 1.1 units higher than the calculated

pKa’s for the free chain and model crystallite, respectively.

Our recent work (218) revealed that the individual glucosamine pKa’s in the hydrogen-

bonded crystallite interior are as low as 5, while those in the solvent-exposed exterior region

are as high as 7.7, which is the pKa of a single glucosamine molecule in solution (233).

The downshifted microscopic pKa’s for the interior region give rise to the downshifted

macroscopic pKa for the model crystallite. Turning to the SDS-bound chitosan chain, we

can see that the microscopic glucosamine pKa’s range from 7.5 to 8.5 and the pKa’s are

correlated with the probabilities of the amine-sulfate salt-bridge formation (Figure 5.4b).

This data confirms that the salt-bridges stabilize the protonated, charged glucosamines,

giving rise to upshifted pKa’s. Moreover, it suggests that deprotonation of the glucosamines

cannot occur at pH 7, since the lowest microscopic pKa is 7.5. The upshifted pKa’s due to

the attractive electrostatic interactions also provide an explanation for other experimental

findings. For example, chitosan citrates (234) and chitosan/alkyethoxy carboxylates (235)

form water soluble complexes with a remarkable structural integrity.

Experiment demonstrated that patterns were printed onto a neutral electrodeposited chi-

tosan hydrogel using acidic SDS solutions and these patterns remained stable in humid air

or deionized water for hours to days (214). Our simulation data suggests that the sta-
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Figure 5.4: pKa’s of the chitosan glucosamines are dependent on the environment. (a)
The macroscopic titration curves for a 10-mer chitosan chain adsorbed on the SDS micelle
(red), a 4-mer chain in water (green), and a model crystallite in water (blue). The macro-
scopic pKa’s (given on the right) are determined from fitting the fractions of deprotonated
glucosamines at simulated pH conditions to the Hill equation. Data for the SDS-bound
chitosan are taken from the first 3 ns (per replica) simulation, and the data for the free
chain and model crystallite are taken from our previous work (84). (b) The microscopic
glucosamine pKa’s are correlated with the probabilities of the amine-sulfate salt-bridges
(defined under Figure 5.3. A regression line is drawn to guide the eye.

ble structural gradient between the hydrogen-bond-based crystalline network junctions and

SDS-crosslinked regions is due to the pKa gradient, i.e., the individual glucosamine pKa’s

are shifted down in the former and up in the latter; exposure to water with neutral pH

does not change the protonation states of glucosamines in either region. As a result, the

crystalline network junctions with neutral chitosan chains can stably exist next to the SDS-
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crosslinked regions with charged chitosan chains.

5.3.6 SDS micelle slides on a restrained chitosan chain while undergoing shape de-

formation.

In our simulation to study the chitosan-SDS complexation, the chitosan chain was free

to move; however, in experiment (214), the chitosan chains were in a matrix condition when

the acidic SDS solution was added. Thus, we carried out an additional simulation with a 20-

mer protonated chitosan chain in the vicinity of a SDS micelle, similar to that presented in

Figure 5.2a, except that positional restrains were applied to the glycosidic bonds to mimic

the matrix condition in a hydrogel film. The starting configuration was the same as in

the unrestrained simulation (Figure 5.2a). Similarly as in the unrestrained simulation, the

chitosan chain and SDS micelle quickly associated to form a complex (Figure 5.5a). The

simulation lasted 50 ns and the first 20 ns was discarded in the analysis unless otherwise

noted.

In contrast to the unrestrained chitosan chain which wraps around the SDS micelle, the

restrained chitosan chain stays in place and allows the micelle to slide and flatten in order

to maximize the electrostatic interactions. Figure 5.5a shows that in the first 5 ns, the mi-

celle becomes attached to the end of the chitosan chain, perhaps due to the initial placement

position (Figure 5.2a); however, in the next stage of the simulation, the micelle is sliding

on the chitosan chain and making its way towards the center of the chain (Figure 5.5a,

15 ns). This process continues until a maximum number of salt-bridge contacts are es-

tablished (Figure 5.5a, 20 ns). In the remaining simulation, the micelle no longer moves

along the chitosan chain; however, it is significantly flattened while maintaining dynamical
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Figure 5.5: SDS micelle dynamically interacts with a restrained, protonated 20-mer
chitosan chain. (a) Snapshots showing various stages of the SDS-chitosan association.
Several individual salt-bridge contacts are highlighted in the boxed region. (b) Histogram
of the total number of salt-bridge contacts between the SDS micelle and chitosan chain.
(c) Time course of the salt-bridge contact formation between a glucosamine (unit 10) and
the nearest dodecyl sulfate group. Y axis gives the index (identifier) of the specific SDS
molecule in the 60-mer micelle. The amine-sulfate salt-bridge is defined under Figure 5.3.

salt-bridge contacts with the chitosan chain (see later discussion).

Simulation snapshots suggested that the SDS micelle associated with the restrained

chitosan chain is significantly more flattened (Figure 5.5a) in comparison to the micelles

associated with the unrestrained chains (Figure 5.2c). To quantify the extent of shape de-

formation, we calculated the ratios between the three principal moments of inertia, Imid/Imin

and Imax/Imid (Table 5.1), following our previous work on various micelles (236). The devi-

ation of Imid/Imin from 1 indicates the degree of oblateness or flattening, while the deviation

of Imax/Imid indicates the degree of prolateness or elongation. For a free SDS micelle in

water, both two ratios are 1 due to the spherical shape. For the micelles associated with
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the unrestrained 10- and 20-mer chitosan chains, Imid/Imin and Imax/Imid are 1.2±0.13 and

1.1±0.05, respectively, which indicates that the SDS micelle becomes slightly oblate or flat-

tened. Flattening of the SDS micelle upon polymer binding has been noted in a previous

molecular dynamics study (237). Compared to an unrestrained chitosan chain, a restrained

chitosan chain induces a larger degree of micellar shape deformation. Imid/Imin increases to

1.6±0.27, demonstrating that the micelle is substantially flattened. Additionally, the fluc-

tuation of this ratio is twice as large as with the unrestrained chitosan chain, demonstrating

that the micellar shape deformation is much more dynamic.

Imid/Imin Imax/Imid
Free micelle(238) 1.0 1.0
10-mer 1.2±0.13 1.1±0.06
20-mer 1.2±0.13 1.1±0.05
restrained 20-mer 1.6±0.27 1.1±0.08

Table 5.1: Calculated ratios between the three principal moments of inertia for the free and
chitosan-bound micelles

5.3.7 Temporal and spatial dynamics of the salt-bridge interactions.

The extent of the micellar shape deformation is due to the strong salt-bridge interactions

between the amine and sulfate groups, which would otherwise fold the chitosan backbone

if the restraints were not applied (Figure 5.2c). The large fluctuation in the shape deforma-

tion is due to the highly dynamical nature of the salt-bridge interactions, which is likely a

result of the competition between electrostatic forces which deforms the micelle and hy-

drophobic forces which keep the micelle intact. We showed that the total probability of the

salt-bridge formation for the unrestrained chitosan chain is the highest at low pH but the

fluctuation is very large (Figure 5.3d). Consistently, trajectory visualization revealed that
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the salt-bridge contacts form and break repeatedly between the restrained chitosan chitosan

and the SDS micelle, with the total number of contacts fluctuating between 2 and 15 (Fig-

ure 5.5b). Close examination of the individual contacts revealed that one amino group can

form and break salt-bridge contacts with one of multiple sulfate groups and the life time of

a particular contact ranges from 10 to 100 ps (Figure 5.5c). Thus, the amine-sulfate salt-

bridge interactions display both temporal and spatial dynamics, which offers a microscopic

explanation of the viscoelastic behavior of the SDS-crosslinked network (214).

5.4 Conclusions

State-of-the-art molecular dynamics simulations were performed to gain detailed in-

sights into the three salient features of a reconfigurable hydrogel film made with chitosan

and two switchable crosslinking mechanisms. In this experiment (214), adding acidic SDS

solution to the neutral self-assembled hydrogel dissociates the crystalline network junc-

tions but allows the formation of electrostatic crosslinks, while adding base removes the

SDS micelles but allows the reformation of crystalline network junctions based on inter-

molecular hydrogen bonds. Our simulations suggested that the SDS-crosslinks are formed

through the salt-bridge interactions between the protonated glucosamines and anionic do-

decyl sulfate groups, while at high pH the glucosamines become deprotonated, leading to

the breakage of salt-bridge contacts and dissociation of the chitosan-SDS complex. Inter-

estingly, the simulations showed that an unrestrained chitosan chain, despite the intrinsic

backbone stiffness, folds to conform to the spherical micelle surface, while the SDS mi-

celle, despite the hydrophobic forces, flattens to adhere to a restrained chitosan chain in the
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extended configuration. The complementary shape change of the chitosan or the micelle is

a result of the directional salt-bridge interactions which are balanced by the hydrophobic

forces that keep the surfactant micelle intact. This raises the question of whether in na-

ture polysaccharides should be thought of less as rigid “worm-like” chains but as flexible

macromolecules with context-dependent shapes.

Experiment (214) showed that, compared to the crystalline network junctions, the SDS-

crosslinked network shows higher Young’s modulus and dynamic responsiveness to me-

chanical forces. The higher Young’s modulus can be in part attributed to the strength of

an individual salt-bridge (as charged hydrogen bond) and the ability to form numerous of

them. The strength of salt-bridge interactions has been in the past exploited in biomedical

applications, such as making stapled peptides for improved pharmacological performances

(239). Surprisingly, however, unlike in the stapled peptides (239) or proteins (232), the

salt-bridge interactions between chitosan and SDS micelle display significant temporal and

spatial dynamics. The salt-bridge contacts can not only form and break repeatedly on a time

scale of 10-100 ps, but also change locations, i.e. a particular amine can alternately interact

with different dodecyl sulfates. Consequently, the unrestrained chitosan chain bound to the

micelle can move on the micelle surface and adopt different conformations, while the mi-

celle can slide on the restrained chitosan chain, reminiscent of kinesin protein walking on

microtubule (240), and undergo large shape fluctuation due to the competition between the

electrostatic and hydrophobic forces. These dynamical behaviors provide a microscopic

explanation for the viscoelastic properties of the SDS-crosslinked network.

The final and perhaps the most intriguing feature of the experimental system (214)

is the stable but erasable structural gradient, which allows hydrogel films to be repeat-
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edly patterned with spatially varying, anisotropic properties. Our simulations suggested

that the pKa gradient between the two regions, 7.5–8.5 for the glucosamines in the SDS-

crosslinked network and 5–7.7 for those in the crystalline network junction, is responsi-

ble for the persistence of the structural gradient upon exposure to water with neutral pH.

However, by adding basic or acidic solution, the gradient can be removed to create the ho-

mogeneous structure and property based on either crystalline junctions or electrostatically

crosslinked networks. pKa gradients are well known in proteins and integral to conferring

unique structures and functions. For example, in the active sites of enzymes (68) and mem-

brane transporters (70, 241) as well as protein-protein binding interfaces (78), the pKa’s

are significantly perturbed relative to the solvent-exposed regions. Constant pH molecular

dynamics simulations showed for the first time that a pKa gradient exists for the chitosan-

based, highly dynamical system and provides a physical origin for the observed gradient

in the structural and mechanical properties. This finding suggests that pKa gradients may

be important for polysaccharides and more broadly exploited to design complex, multi-

functional materials.

Hydrogen bonding and salt-bridge are two important noncovalent forces contributing

to conformational stability and specificity in proteins (232). While our previous work

showed how pH-dependent hydrogen bonding directs chitosan self assembly (84), the

present work revealed how pH-dependent salt-bridge interactions can induce complemen-

tary shape changes and give rise to gradients in the pKa, structural, and mechanical prop-

erties.

We envision that pH-responsive, switchable crosslinking mechanisms based on hydro-

gen bonding and salt-bridge interactions will find increasing applications in designing re-
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configurable soft matter with complex structures and properties. Our work demonstrates

the potential of modern computer simulations in providing physical insights to guide the

materials design and engineering.
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Chapter 6

Conclusions

In this thesis, I applied the continuous constant pH molecular dynamics methods to

advance drug and materials design. Chapter 1 gives an overview of molecular dynamics

and introduces continuous constant pH molecular dynamics (CpHMD) methods and appli-

cations in drug and materials design. Chapter 2 is divided in two parts. In the first part,

two inhibitors developed by two different pharmaceutical companies to target β-secretase

1 (BACE1), a potential target for Alzheimer’s disease treatment, were utilized as model

systems to study BACE1-inhibitor binding. We found that the two structurally similar

inhibitors induce different titration behavior of the active site, which drastically changes

the protein-ligand interactions. Our results provided an atomic-level explanation for the

affinity difference between the two inhibitors and illustrated a potential of CpHMD in lead

optimization. In the second part of Chapter 2, we combined CpHMD and free energy

perturbation methods to construct pH-dependent binding free energy profiles to address a

selectivity issue in BACE1 drug design. One BACE1 inhibitor that failed in clinical trials

due to side effects related to off-target binding was used as a model system. Our protocol

successfully calculated the pH-dependent binding free energy profiles for the main- and

off-targets with excellent agreement to the experimental data. The protocol also uncovered

a potential allosteric site that controls binding through protonation/deprotonation of a histi-

dine residue. These data demonstrated the use of CpHMD in lead optimization to improve

drug selectivity. In Chapter 3, we applied CpHMD to explore the conformational dynam-
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ics of protein kinases using c-Src as a model system. Protein kinases comprise one of the

largest enzyme families and control critical biological processes related to cell prolifera-

tion and signal transduction. However, due to the high flexibility of the kinase activation

and catalysis sites, structure-based design of kinase inhibitors is not an easy task. With

CpHMD, we were able to observe the conformational activation process of c-Src and ex-

tract novel intermediate states for inhibitor design. To our knowledge, this is the first c-Src

activation simulation without introducing any mutation or biasing potential. Our results

revealed novel electrostatic mechanisms of structural transitions and demonstrated the ca-

pability of CpHMD in providing intermediate states for structure-based kinase drug design.

In Chapter 4, we applied CpHMD as well as conventional MD to understand molec-

ular mechanisms controlling the mechanical properties of chitosan-based hydrogels. We

explained the details of how salt concentration impacts the flexibility of chitosan chains

through MD simulations. Our data suggested that in addition to electrostatic screening,

salt ions can interrupt the intramolecular hydrogen bonds, which restrain the conformation

of glycosidic bonds. This work provides microscopic explanation to support the critical

role of ion concentration in the hydrogel fabrication process. Lastly, in Chapter 5, we pro-

vided an atomic-level view of a chitosan-SDS hybrid hydrogel with switchable mechani-

cal properties by CpHMD and conventional MD. Our data suggested that the electrostatic

crosslinks are formed through the pH-dependent salt-bridge interactions and the pKa dif-

ference between the chitosan crystallite and the surfactant-bound chitosan is a key for the

persistent but erasable gradient in the structural and mechanical properties between the two

crosslinked regions. These studies demonstrated that MD simulations can be a valuable

tool to guide biomaterials design.
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inhibitor profile of BACE (β-secretase) and comparison with other mammalian as-
partic proteases. J. Biol. Chem. 2002, 277, 4687–4693.

[112] Kim, M. O.; Blachly, P. G.; McCammon, J. A. Conformational Dynamics and Bind-
ing Free Energies of Inhibitors of BACE-1: From the Perspective of Protonation
Equilibria. PLoS Comput. Biol. 2015, 11, e1004341.

[113] Polgar, T.; Keseru, G. M. Virtual screening for β-secretase (BACE1) inhibitors re-
veals the importance of protonation states at Asp32 and Asp228. J. Med. Chem.
2005, 48, 3749–3755.

[114] Domnguez, J. L.; Christopeit, T.; Villaverde, M. C.; Gossas, T.; Otero, J. M.; Nys-
trom, S.; Baraznenok, V.; Lindstrom, E.; Danielson, U. H.; Sussman, F. Effect of
the protonation state of the titratable residues on the inhibitor affinity to BACE-1.
Biochemistry 2010, 49, 7255–7263.
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