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ABSTRACT OF THE DISSERTATION

Using computational alchemy to predict protein-ligand binding free
energies

by

Morgan Lawrenz

Doctor of Philosophy in Chemistry

University of California, San Diego, 2011

Professor J. Andrew McCammon, Chair

Alchemical free energy methods use the computer to make unphysical chan-

ges to select atoms of a system during molecular dynamics (MD) simulations, which

facilitate computation of the free energy difference between two physically relevant

states. For computation of protein-ligand binding free energies, alchemical inter-

mediate simulations interpolate between the protein-bound ligand state and the

unbound ligand state. The use of multiple, short, independent MD simulations

has been shown to improve conformational space sampling compared to single

trajectories of longer length. This dissertation describes the application of this ap-

proach to the thermodynamic integration (TI) method for computing binding free

energies from alchemical simulations. Particularly in chapters two and four, the

xi



independent trajectory TI (IT-TI) approach is demonstrated to give more accurate

binding free energy estimates than single TI estimates and allows calculation of

a statistically well-defined uncertainty. We use IT-TI to compute accurate abso-

lute binding free energies for several inhibitors to the avian influenza viral protein

neuraminidase and, in chapter four, also to the Mycobacterium tuberculosis en-

zyme RmlC. The N1 neuraminidase protein has a solvent exposed active site, with

many charged residues residing on flexible loops that interact with complementary

ligand charge groups. In contrast, RmlC has a smaller, less solvated, and more

hydrophobic binding pocket, adding a new test case for the performance of IT-TI.

In chapter two, we also use non-alchemical MD simulations to analyze im-

portant binding interactions and hydration changes within the N1 active site. We

quantify the thermodynamic contributions of these interactions with relative bind-

ing free energies computed with IT-TI for alchemical modifications of select ligand

moieties. In chapter three, we take further advantage of the dynamic, atomistic

description of biomolecular systems afforded by MD simulations to characterize

the effect of a calcium ion that binds N1 near the active site. MD simulations,

along with IT-TI alchemical free energy calculations, indicate that this bound ion

is key for an effective N1 binding pose and is important for accurate models of the

N1-drug interface.

Current implementations of alchemical methods require many user-defined

and non-standardized inputs for performance of these calculations. In chapter four,

we use IT-TI on both the N1 and RmlC systems to test varied TI protocols, which

we find to have a significant impact on the reliability of free energy estimates.

We propose a protocol that maximizes predictive power for the two investigated

systems, while allowing speed up of the calculations with distributed computing.

Altogether, we show the utility of IT-TI for thermodynamic analysis of biochemical

events, and anticipate the application of IT-TI to develop improved and potent

drugs.
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Chapter 1

Alchemical Free Energy

Calculations using Molecular

Dynamics

1.1 Introduction

Computational chemistry has developed into an important and rapidly ad-

vancing field that both complements experimental data and allows predictions in

cases where experimental information is unavailable or incomplete. Computational

methods have been used, along with experimental structural data, to elucidate

structure-function relationships in (bio)chemical pathways; molecular dynamics

(MD) simulations are especially useful in this respect, allowing atomistic insight

into the dynamics of (bio)molecules in a solvated state. Computational methods

have also been integrated into the pharmaceutical industry, to aid in specific anal-

ysis of protein-ligand interactions. Fast algorithms generate and virtually screen

large libraries of diverse compounds, assessing the fit and approximating affinities

for many ligands to a given protein drug target. These predictions are currently

variably reliable,1–3 so highly accurate and precise binding affinity estimates would

have huge impact on the preliminary steps of drug discovery. With rapid growth

of high-performance computing hardware and the development of compatible soft-

1
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ware, more computationally intensive methods, including MD, can be used to

give a more accurate description of binding partners and compute more robust

binding affinity estimates. Alchemical free energy calculations use MD to simu-

late unphysical intermediates and use rigorous statistical mechanics principles to

calculate accurate binding free energies for ligands to a protein. Though computa-

tionally intensive, alchemical methods could provide a reliable in silico evaluation

of potential leads in drug discovery, accelerating drugs to further development.

Additionally, free energy differences are the currency of many (bio)chemical pro-

cesses, thus accurate free energy calculations may be useful for understanding a

variety of biological problems.

1.2 Computational Methods in Drug Design

General challenges for the preliminary lead generation and optimization

steps of drug discovery include (i) finding ligands that bind a given drug target

to yield the desired effect (antagonist or agonist), (ii) understanding how ligands

bind the receptor - identifying interactions that form in the binding pose, and

(iii) determining the affinity of ligands for the target - which must be determined

accurately and with low enough uncertainty to distinguish low and high affinity

ligands. Pharmaceutical development requires many more hurdles to be cleared

before the drug may be used for disease treatment - including optimization of

pharmacokinetics and pharmacodynamics, toxicity trials, as well as viable and

cost-effective synthesis. Thus, if the preliminary steps to find diverse, high-affinity

ligands can be expedited, then potential drugs can more efficiently progress to

these later challenges, accelerating the discovery of better treatments.

In addition to pharmacophore modeling and ligand similarity searches,

which have been useful in computational lead optimization, other computational

methods are particularly compatible with structure-based drug design.4 Virtual

high throughput screening of large, diverse chemical libraries (see Figure 1.1),

such as those available from the National Cancer Institute (NCI) or ZINC,5 can

be carried out for an X-ray, NMR, or homology model structure of the protein drug
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target; docking programs perform a conformational search for ligands in these li-

braries and generate putative binding poses that fit the ligand within the protein

topology. Typically, if the information is available, an active site is geometrically

predefined. A variety of algorithms exist to perform this search, as well as differ-

ent scoring functions to compute approximate affinities for the ligand in a given

binding pose within the protein.1–3,6,7 For the sake of computational speed, the

protein is largely treated as rigid, although some developments account for limited

protein flexibility, such as allowing side chain rotations,8 using soft potentials to

avoid van der Waals steric clashing,9 or docking into multiple configurations of

the receptor.10,11 Docking is also performed without water present, instead com-

puting an approximate desolvation penalty for the ligand within the scoring func-

tion. Thus, protein, ligand, and water thermodynamics are only crudely modeled

with the scores generated by docking, leading to system-dependent reliability and

prevalance of false positives and false negatives.2

Figure 1.1: Schematic summary of the computational virtual screen combined
with more accurate re-scoring methods. Adapted from Amaro, et al. 10

However, these approximations are necessary to reach the high throughput
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computing performance needed to screen large (105) libraries of compounds (see

Figure 1.1). A good approach uses these programs to generate a reduced (< 103)

number of ligand candidates that are likely to fit into the protein binding site

and form favorable interactions. Then, methods that, for example, include more

rigorous treatment of electrostatics and solvation12,13 can be used to re-score these

candidates (Figure 1.1), to distill out true high affinity ligands for experimental

evaluation and further development. Free energy calculations using explicit water

MD simulations, as described section 1.4, are a promising approach for accurate

evaluation of ligand binding poses and could replace an approximate score with a

true binding free energy.

1.3 Molecular Dynamics

To accurately model molecules at the atomic level, quantum mechanics

must be applied to find the energy of a system for a given Hamiltonian Hψ = Eψ.

Quantum mechanical modeling has been very useful for investigating geometries

and reactivity of small molecules.14 However, for larger biomolecules, calculation

of quantum-derived energies and propagation of atomic motions for time scales

that are biologically relevant (> 1 nanosecond) require a complete description of

electron densities for > 100 atoms for > 106 time steps, an intractable feat for

current computational resources. Instead, computational chemists use molecular

dynamics (MD), or molecular mechanics (MM), which treats molecules with clas-

sical mechanical laws to provide huge gains in computational efficiency relative to

quantum mechanical calculations. Atoms are treated as spherical, charged parti-

cles connected by harmonic springs, with bond angles and torsions treated similarly

and non-bonded interactions treated with van der Waals and Columbic forces:
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U(r) =
∑
bonds

Kb(b− b0)2 +
∑
angles

Kθ(θ − θ0)2 +
∑

dihedrals

Kχ(1 + cos(nχ− δ))+

∑
impropers

Kψ(ψ − ψ0)2 +
∑

non−bonded pairs ij

(
εij

[
Rmin,ij

rij

12

− Rmin,ij

rij

6]
+
qiqj
εdrij

)
(1.1)

Altogether, these potential energies sum to define the force field, from which

the forces are computed for Newtonian motion of the positions r of i total atoms

in the system:

−∇Ui = mi
d2ri
dt2

(1.2)

The potential terms in eq. 1.1 for protein, DNA, and small molecules have

been carefully parameterized by large collectives of researchers to match experi-

mental data on molecular properties, and several high quality force fields are avail-

able.15–18 Most force fields are also parameterized with quantum chemical data,

such as atomic charges or conformational energies for torsions. Additionally, in

some force fields, a potential term is added to eq. 1.1 to enhance hydrogen bond-

ing interactions.19 Mixed Quantum Mechanics/Molecular Mechanics (QM/MM)

simulations are also in development and, despite persisting speed limitations and

difficulty in treating the QM/MM boundary, show promise as an option for more

accurate molecular description, particularly for simulating bond breaking and for-

mation during enzymatic reactivity.14,20

In MD, a solute of interest may be solvated in a box of explicit model water

molecules that have been developed to complement the solute force field and to

reflect physical properties of aqueous solution.21,22 To recreate a bulk simulation,

periodic boundary conditions are used for three dimensional tiling of the unit cell

box containing the solute and solvent. Additionally, ions may be added to neu-

tralize the system or to replicate buffer salt concentrations. Eq. 1.2 is numerically

integrated to get particle velocity and position for the entire system for discrete

time steps with one of several algorithms similar to that of Verlet.23 Simulations

are generally conducted at constant volume or pressure, to generate the N,V,T
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or N,P,T ensembles, respectively. Pressure or volume is controlled by dynamically

adjusting the size of the unit cell and rescaling atomic coordinates during the simu-

lation.24 To maintain a constant temperature, the system is connected to a virtual

heat bath that can add and remove energy as needed. Available thermostats use

different approaches to accomplish this, including an additional degree of freedom

added to the Hamiltonian with the Nosé-Hoover,25 velocity rescaling with Berend-

sen,26 and balance of a dissipative frictional force (γ dri
dt

) and a random force R in

Langevin dynamics, as:

−∇Ui − γr′ +R(t) = mi
d2ri
dt2

(1.3)

Assuming an accurate description of the system Hamiltonian, the ergodic

hypothesis holds that a sufficiently long time series of an observable yields the

equilibrium probability distribution. This is useful for analysis of structural and

thermodynamic properties from simulations. The probability distribution for an

observable can be tracked along a reaction coordinate - such as a distance r, an

angle θ, or eigenvector µ - to get a free energy pathway, or Potential of Mean Force

(PMF), which also gives insight into the kinetics along the pathway via energy

barrier height and location.27 Alchemical methods define a specialized reaction

coordinate λ which lends itself to computation of binding free energies, discussed

in the next section.

However, extraction of equilibrium properties from ergodic simulations is

challenged by limited available timescales; integration of eq. 1.2 must be per-

formed at a maximal 2 femtosecond time step in order to capture bond stretching

and vibration. Typically, tens to hundreds of nanoseconds are generated in MD

simulations, while recently millisecond simulations were achieved using a special-

ized high-performance computing architecture.28 For biomolecular systems, the

potential energy landscape is highly complex and frustrated, and relevant config-

urational states may be unexplored during the simulation due to energy barriers

that require an undeterminable amount of time to overcome with random thermal

energy. Many new theoretical developments for enhanced conformational space

sampling are emerging, but with varied ease and consistency in implementation
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and limited exemplary applications.29,30 For example, replica exchange and accel-

erated MD approaches - both artificially boost the system potential - hold great

promise for overcoming sampling barriers in simulations, but recovery of physical

properties from corresponding unbiased ensembles can be a non-trivial task.31,32

1.4 Alchemical Free Energy Calculations

The theoretical background of alchemical free energy calculations is de-

scribed in detail, with specific applications, in later chapters of this dissertation.

In general, computational alchemy describes an approach that takes the system

through a series of unphysical intermediates in order to calculate the free energy

difference between two physically relevant states. Many physical processes, in-

cluding ligand binding,33 conformational changes,34 or phase transitions,35 can be

computed utilizing alchemical transformations. For protein-ligand binding, the al-

chemical modifications are made to ligand atoms by changing the potential energy

terms defined by the MD force field in eq. 1.1. For calculation of an absolute

binding free energy for a single ligand to a protein, the ligand non-bonded terms

are scaled to zero, so that the ligand is decoupled ,36,37 or alchemically transformed

into a non-interacting molecule, in both the protein-bound and unbound states.

The free energy changes of decoupling the ligand from both the bound ∆F ◦protein

and unbound ∆F ◦water states are utilized in the thermodynamic cycle,38 of Figure

1.2 to get the ∆F ◦bind. Alternatively, the ligand potential terms may be changed to

that of another ligand, in the protein-bound and unbound environments, in order

to calculate a relative binding free energy ∆∆F ◦bind for two ligands to a protein.

Thus, given a protein and set of ligands with known or putative binding poses,

an absolute or relative binding free energy can be computed. The free energies

may correspond to the standard state Helmholtz free energy ∆F ◦ in the N,V,T

ensemble or the Gibb’s free energy ∆G◦ in the N,P,T ensemble.

Alchemical modifications to a ligand are performed with the parameter λ,

which is similar to a reaction coordinate described in the previous section. This

parameter linearly scales the ligand potential terms from state A → B. Thus,
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Figure 1.2: Thermodynamic cycle employed for alchemical absolute binding free
energy calculations.

λ assumes values between 0 and 1 to create a mixed potential that interpolates

between the end state potential energy functions, as:

U(r;λ) = Uunperturbed(r) + λUB(r) + (1− λ)UA(r) (1.4)

where U(r) is described more fully by eq. 1.1 and r denotes the overall

system configurational space. The initial state A is defined at λ = 0, and the final

state B at λ = 1. Thus, different simulations are performed using mixed potentials

with varied values of λ. Several approaches may be used to compute free energy

differences from these λ simulations. All are based on statistical mechanics, which

holds that the free energy difference between two states ∆F0→1 is described by the

ratio of the initial Z0 and final Z1 state partition functions:

∆F0→1 = −kBT ln
(
Z1

Z0

)
(1.5)

kB here is Boltzmann’s constant. Zwanzig39 originally showed that the free

energy could then be computed using an exponential average:

exp

[
∆F0→1

kBT

]
=

〈
exp

[
∆U(r)0→1

kBT

]〉
0

(1.6)

where ∆U(r)0→1 is the energy difference of equilibrium ensemble average

〈...〉 configurations r at each of the end states at λ = 0 and λ = 1. This relation-

ship is at the heart of the equilibrium Free Energy Perturbation (FEP) method.

However, eq. 1.6 gives very poor free energy estimates if the conformational space

of the two end states have very little overlap - as in, when many configurations

found at λ = 1 are highly unlikely at λ = 0. This makes the case for the use of
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intermediate λ values, so that the system may be slowly advanced from one state

to the next, accumulating intermediate free energy differences from ∆U(r)λi→λj

along the way. Statistically optimal estimates of ∆F0→1 can be determined with

the Bennett acceptance ratio,40,41 and other maximum likelihood methods which

often utilize the weighted histogram analysis method (WHAM)29 to bin free en-

ergy differences for many different configurations at each intermediate state. These

approaches also have well-defined errors that can be computed for the free energy

estimates.41,42

Another equilibrium method for free energy computation is thermodynamic

integration (TI),43 where changes in λ are continuous and derivatives of the po-

tential are taken instead of discrete energy differences:

∆F0→1 =

∫ 1

0

dλ

〈
∂U(r)

∂λ

〉
λ

(1.7)

Here the integral is typically approximated with a number of available nu-

merical techniques,44 and errors can be computed with the simple propagated vari-

ance (σ2) of de-correlated data45 or resampling techniques such as bootstrapping.46

Non-equilibrium methods have also been developed that rely on the relationship

in eq. 1.6, but have not been demonstrated to be more efficient or accurate than

equilibrium approaches.29 In this dissertation we apply equilibrium methods for

alchemical free energy calculations, in particular thermodynamic integration (TI,

eq. 1.7)

Accurate, reliable alchemical binding free energy calculations are afflicted by

the same challenges that face MD simulations - enough simulation time is needed

for sufficient exploration of configurational space and construction of complete

equilibrium ensemble averages 〈...〉 in eq. 1.6 and eq. 1.7. In light of this challenge,

a good starting configuration is important, so that the simulations are initialized

in a low-energy well and more likely to sample relevant bound configurations.

Typically a viable binding pose is used as a starting point, either x-ray determined

or from docking algorithms. Without a priori knowledge of the true ligand binding

pose, Boltzmann-weighted free energies calculated for several putative poses from

docking have been shown to be predictive.47,48 The use of multiple, independent
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simulations with different starting structures is also a good approach45,49 that is

described in application to TI throughout this dissertation.

With advanced force field development, systematic understanding of best

practices for alchemical calculations29,49,50 and the rapid expansion of available

computational power - particularly with the advent of specialized MD hardware28

and growing prevalance of GPU machines,51 alchemical free energy calculations

could become a rigorous evaluator of ligand affinities for protein drug targets.

1.5 Influenza Neuramindase

Humans are affected by three influenza virus types (A, B, and C), which are

further classified into subtypes based on the two antigenic viral surface proteins

Hemagglutinin (HA) and Neuraminidase (NA). These proteins mediate host cell

infection, with HA binding host cell surface glycoproteins to initiate virus infection,

and NA cleaving sialic acid from these glycoproteins to release the virus and spread

infection. All three influenza types undergo antigenic drift to produce gradual

mutations that can interfere with the immune system’s antigenic recognition and

render previously administered vaccinations ineffective. The A and B viruses have

an elevated mutation rate, resulting in more severe illness than type C infections†.

Type A viruses can also undergo sudden antigenic shifts, during which different

strains of the virus combine to form a new reassortant strain with a mixture of

surface antigens - designated as HA/NA - from the parent strains. Reassortant

type A strains can derive from and infect multiple host species, though most highly

pathogenic type A viruses have originated in birds.52 Three worldwide pandemics

have been caused by reassortant A subtypes that were antigenically divergent from

circulating human viruses: the 1918 H1N1 Spanish flu, the 1957 H2N2 Asian flu,

and the 1968 H3N2 Hong Kong flu; recently the highly pathogenic avian H5N1

subtype has become endemic in Asia, Europe, and Africa, and in 2009 the outbreak

of a novel influenza H1N1 virus in Mexico spread rapidly to infect the human

population worldwide with substantial mortality.53

†http://www.who.int/csr/disease/avian_influenza
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Currently available influenza treatments target NA, which has a largely

conserved active site and is classified into two groups, group 1 (N1, N4, N5, N8)

and group 2 (N2, N3, N6, N7, N9).54 NA naturally occurs as a tetramer and

has a six-bladed β-propeller tertiary structure (see Figure 1.3 a and b). Structure-

based drug design strategies have produced several NA inhibitors that are modified

transition state analogues of the natural substrate sialic acid (see Figure 1.3 c), in-

cluding the transition state analogue DANA,55 the currently FDA-approved drugs

zanamivir,56 marketed as Relenza by GlaxoSmithKline, and the first orally avail-

able drug oseltamivir,57 marketed as Tamiflu by Roche, as well as the FDA Phase

II drug peramivir,58 developed by BioCryst Pharmaceuticals. These drugs have

neutral overall charge, but contain a carboxyl group that interacts with the con-

served NA arginine triad binding motif,54 as well as an ammonium or guanidinium

group (Figure 1.3 c) that interacts with several glutamates within the pocket (Fig-

ure 1.3 b). Group 1 NA, particularly N1, have been found in highly pathogenic

strains in the recent decade and have been structurally characterized with flexi-

ble loop regions near the active site that allow significant expansion of the active

site.45,54,59 Thus, N1 has been a target for virtual screening that accounts for these

conformational changes.60,61 The flexible, charged N1 active site presents a chal-

lenge for conformational sampling in computational methods, as both binding and

framework residues may easily be locally stabilized by one of many available salt

bridges.

Due to antigenic drift and shift of NA, several drug-resistant mutants have

emerged. Extraordinary research efforts have been devoted to understanding the

molecular basis of inhibitor susceptibility to NA mutations, particularly for the N1

subtype found in the pathogenic H5N1 and H1N1 strains.52,62,63 Crystal structures

of prominent oseltamivir-resistant N1 mutants H274Y and N294S64 give insight

into the structural changes within the active site that reduce efficacy of the NA

inhibitors. The changes in affinity for oseltamivir and peramivir to the resistance

mutant H274Y is summarized in Table 1.1.
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Figure 1.3: Structure of the N1 neuraminidase active site and inhibitors. N1
tetramer structure is shown in (a), with the monomer binding site residues shown
in (b), highlighting the electrostatic interactions that dominate binding. In (c)
chemical structures of available N1 inhibitors are shown.

Table 1.1: Affinity of available inhibitors to wildtype and mutant N1.

Ki (nM) Oseltamivir Peramivir

N1 (wt)a 0.1 0.02

N1 (H274Y)b x 500-700 x 40

a From Kati, et al.65 b From Baz, et al and Mishin, et al.66,67

1.6 Conclusion

This dissertation describes the application of MD simulations to study N1

binding to its inhibitors, and, using an alchemical cycle (Figure 1.2), to compute

binding free energies. With independent trajectory thermodynamic integration

(IT-TI), we present a straightforward, unbiased approach for free energy calcu-

lations that improves sampling and provides more accurate binding free energy

estimates compared to traditional alchemical approaches. We demonstrate this

for two test case systems with very different dynamic properties, N1 and RmlC.

Reliable free energy predictions for N1 inhibitors that are sensitive to the range

of affinities seen for the wildtype vs. drug-resistant mutants in Table 1.1 would

represent a significant validation of this approach as an effective ligand evaluator

in a drug discovery context.



Chapter 2

Independent trajectory

thermodynamic integration

(IT-TI) free energy changes for

biomolecular systems:

Determinants of H5N1 avian

influenza virus neuraminidase

inhibition by peramivir

Abstract

Free energy changes are essential physio-chemical quantities for understand-

ing most biochemical processes. Yet, the application of the alchemical computa-

tional method thermodynamic integration (TI) for free energy calculation in biolog-

ical and macromolecular systems is limited by finite sampling artifacts. We present

the independent trajectory thermodynamic integration (IT-TI) approach to esti-

mate accurate free energy changes with well-defined uncertainties for bio-molecular

13
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systems. IT-TI improves sampling statistics of thermodynamic microstates for

flexible associating partners by ensemble averaging of multiple, independent sim-

ulation trajectories. We study peramivir inhibition of the H5N1 avian influenza

virus neuraminidase (N1) receptor. N1 loops 150 and 119 are highly mobile when

bound to peramivir, as revealed by 20 ns N1-peramivir molecular dynamics (MD)

simulations, and many key electrostatic interactions stabilize the binding pose.

Due to heterogenous sampling, individual standard TI binding free energy esti-

mates span a rather large range of values, from a 19% underestimation to a 30%

overestimation of the experimental reference value (−14.8 ± 0.4 kcal·mol−1). Re-

markably, our IT-TI binding free energy estimate (−14.6± 1.3 kcal·mol−1) agrees

closely with experiment, with a 1% relative difference. Additionally, using ∼800

ns of overall sampling, we investigate N1-peramivir binding determinants by IT-

TI alchemical modifications of peramivir moieties. These results emphasize the

dominant electrostatic contribution to binding, particularly through the N1 E277-

peramivir guanidinium interaction. Future drug development may be also guided

by properly tuning ligand flexibility and hydrophobicity. We anticipate that IT-TI

will allow estimation of relative free energies for systems of increasing size, with

improved reliability by employing large-scale distributed computing.

2.1 Introduction

The free energy change upon binding is the fundamental thermodynamic

quantity to evaluate inhibitor affinity for a target protein. Reliable free energy

changes can be estimated by computer simulations via the alchemical method

thermodynamic integration (TI).33,68,69 Such calculations are highly accurate for

small compounds within the force field and model resolution employed.70,71 In

principle, TI should also provide accurate binding free energies for large biological

systems, but the method requires sufficient sampling of the conformational space

regions where the potential energy of two states differ significantly.72–74 There-

fore, the practical use of TI, and other alchemical approaches, in the context of

macromolecular processes is still limited by the computational cost of the required
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extensive simulation time.

Finite sampling problems for a given equilibrium thermodynamic state can

be alleviated by multiple independent simulations.30,75,76 This improves conforma-

tional sampling and distributes the computation into a number of independent

simulations that may be run in parallel, which is particularly appealing in consid-

eration of the rapid and steady increase of computational power in the form of mul-

tiple CPU clusters∗. Here, we present the independent trajectory thermodynamic

integration (IT-TI) approach for binding free energy calculations for (bio)molecular

systems. IT-TI employs multiple, independent TI calculations to calculate a free

energy change of interest, while incorporating both soft-core potentials77,78 and lig-

and translational restraints36,37 to improve sampling efficiency. Our results show

that IT-TI allows significantly increased accuracy compared with standard TI. We

anticipate that IT-TI will allow estimation of relative free energies for systems

of increasing size, with improved reliability by employing large-scale distributed

computing.79 In the context of protein-ligand binding and macromolecular associ-

ation, IT-TI seems particularly suited for highly flexible binding partners. This is

the case for the H5N1 avian influenza neuraminidase receptor studied in this work

(Figure 2.2).

The avian influenza virus type A, particularly the H5N1 subtype, is becom-

ing a worldwide pandemic threat due to its high virulence and lethality in birds,

rapidly expanding host reservoir, and exceptionally elevated mutation rate†. Ex-

traordinary research efforts are devoted to understanding the molecular basis of

inhibitor susceptibility to avian influenza viral enzyme neuraminidase (NA) mu-

tations, especially for the lethal and drug-resistant group 1 neuraminidase en-

zymes.52,62,63 The inhibitor peramivir (peramivir; also known as BCX-1812 or

RWJ-270201; developed by BioCryst Pharmaceuticals, Birmingham, U. S. A;) is

demonstrated to be active in vitro and in vivo against both group 1 and 2 vi-

ral neuraminidase.80,81 Therefore, peramivir constitutes a promising candidate for

further drug-design research.82 In this article, we explore the conformational dy-

namics and hydration of peramivir upon binding to neuraminidase isolated from

∗http://www.sdsc.edu;http://www.nccs.gov;http://www.bsc.es
†http://www.who.int/csr/disease/avian_influenza
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an H5N1 strain (Figure 2.2). We perform IT-TI calculations that give an accurate

estimate for the N1-peramivir free energy of binding, within ∼0.2 kcal·mol−1 of

experiment. Then, we investigate N1-peramivir binding determinants and quan-

tify their thermodynamic role in the binding process through IT-TI alchemical

modifications of selected peramivir moieties. This work represents a first step in

the computer-based development of a putative novel class of N1 inhibitors from

accurate free energy calculations.

2.2 Materials and Methods

2.2.1 Molecular Models

The initial coordinates for the N1 neuraminidase monomer bound to the

peramivir inhibitor (N1-peramivir) were taken from the X-ray crystal structure54

of N1 bound to oseltamivir (PDB ID: 2HU4; chain A), because no N1-peramivir

structure has been deposited to date. Atom positional coordinates for peramivir

were taken from the corresponding N8-peramivir structure54 (PDB ID: 2HTU;

chain A) and superimposed onto 2HU4 using the protein backbone Cα atoms;

this results in close overlap of the oseltamivir and peramivir ring atoms. The

N1-peramivir complex was solvated in (pre-equilibrated) cubic boxes large enough

(8300 Å3) to avoid any interactions between mirror images under rectangular pe-

riodic boundary conditions. Three randomly chosen water molecules (minimum

ion-ion distances of 1 Å) were replaced with Na+ ions to neutralize the system.

Initial configurations for the water (wt-peramivir) and vacuum (vc-peramivir) ref-

erence states were defined using the same peramivir coordinates. For a summary

of N1-peramivir, wt-peramivir, and vc-peramivir simulated systems see SI, Table

2.4.

2.2.2 Molecular dynamics simulations

All simulations were performed using the GROMOS05 software for biomole-

cular simulation83 and the GROMOS force field18 (45A3 parameter set71). Amino
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acid charges were defined to reproduce an apparent pH 7. GROMOS peramivir

force field parameters were derived from existing building blocks18,84,85 (SI, Tables

S2.2, S2.3, S2.4). The GROMOS compatible SPC water model22 and previously

reported SPC-water compatible parameters for ions86 were employed. For ligand

simulations in vacuo (vc-peramivir) the corresponding 45B3 parameter set was em-

ployed. For N1-peramivir, first a steepest-descent energy minimization (EM) was

performed to relax solvent and ions, while protein atom positions were restrained

by using a harmonic potential (force constant kh = 6 kcal·mol−1Å−2). A second

EM run without restraints eliminated any residual strain. All EM runs were ex-

tended until the energy change per step became < 0.1 kcal·mol−1. The system was

then brought to the reference temperature (T =300 K) in 6 consecutive 25 ps MD

periods (50 K increments). During the heating of N1-peramivir, protein atom po-

sitions were restrained with a harmonic potential, decreasing kh from 24 to zero in

steps of 4 kcal·mol−1Å−2. In addition, 4 independent MD runs were initialized by

re-assigning random velocities from Maxwell-Boltzmann distributions at 50 K. All

5 independent trajectories were extended to reach equilibration of the separate sys-

tem potential energy components. Independent trajectories for the wt-peramivir

and vc-peramivir systems were similarly prepared. One MD run for each system

was extended for 20 ns and used for conformational analysis (see below). Newton’s

equations of motion were integrated using the leap-frog algorithm87 with a 2 fs

timestep. The SHAKE algorithm88 was applied to constrain all bond lengths. All

simulations were carried out in the N,p,T ensemble (reference pressure 1 atm) by

separately coupling the temperature of solute and solvent degrees of freedom to a

300 K heat bath26(relaxation time 0.1 ps) and by coupling the pressure (estimated

based on an atomic virial) to a pressure bath26 via isotropic coordinate scaling.

Non-bonded interactions in the range 0 to 8 Å were re-calculated every timestep,

in the range 8 to 14 Å every 5 time steps, and truncated at 14 Å. A reaction-field

correction was applied to account for the neglected interactions beyond 14 Å,89

using a relative dielectric permittivity of 61 for the SPC water model.90 A fast

grid-based pairlist-construction algorithm91 was employed (cell-mask edge of 4 Å;

atomic-level cutoff) as implemented in the GROMOS05 MD++ module.83
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2.2.3 Conformational analysis

Trajectory snapshots were extracted every 2 ps from the 20 ns simulations.

Structural fitting was performed by (i) superimposing solute centers of mass (to

remove overall translation) and (ii) performing an atom-positional least-square fit-

ting procedure (to remove overall rotation) using N1 Cα atoms or all peramivir

heavy atoms. Transient N1-peramivir interactions identified as important bind-

ing motifs were monitored using the GROMOS++ analysis software.83 Hydrogen

bonds were defined to have a maximum hydrogen-acceptor distance of 3 Å and

a minimum donor-hydrogen-acceptor angle of 125◦. An extended hydrogen bond

criterion was used (3.5 Å; 120◦) to capture additional relevant interactions. Salt-

bridges and hydrophobic contacts were considered formed for atom pair distances

< 4.5 Å. Secondary structure elements were defined by the following N1 residue

sequences: loop 119, V116-P120; loop 150, T148-S153; loop 277, I222-E227; β-

turn 277, H274-C278; β-turn 292, V290-N294; loop 347, G345-K350; loop 371,

S368-G373; β-sheet 406, S404-G408; loop 430, R430-W438.

2.2.4 Independent trajectory thermodynamic integration

The free energy change between two states can be estimated by thermody-

namic integration (TI) as43

∆Ḡ0→1 =

∫ 1

0

dλ〈∂U
∂λ
〉λ (2.1)

where U denotes the system potential energy from a single trajectory, as

a function of the coupling parameter λ, which linearly scales between 0 and 1 to

interpolate between the end states. The ensemble averages 〈...〉 are taken from a

time series of ∂U
∂λ

at a given λ value.

For Independent Trajectory TI (IT-TI), 〈∂U
∂λ
〉λ,i is the system ensemble av-

erage potential energy derivative for the ith independent trajectory at a given λ,

and the mean free energy change ∆Ḡ0→1 reads

∆Ḡ0→1 =

∫ 1

0

dλ

∑N
i=1 〈

∂U
∂λ
〉λ,i

N
(2.2)
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In principle, under the assumptions of (i) infinitely long trajectories, and

(ii) fully accessible system conformational space, eq. 2.1 will provide an estimate

of the free energy change between two states that is identical to that provided by

eq. 2.2. This follows in the limit of the ergodic hypothesis. In practice, however,

due to (i) finite available simulation times and (ii) the inaccessible conformational

space of a solvated macromolecule (i.e. its rough and frustrated potential energy

landscape at standard/physiological conditions), eqs. 2.1 and 2.2 provide signifi-

cantly different free energy estimates (see Results and Discussion section). IT-TI

overcomes this practical limitation by enhancing conformational sampling of the

systems of interest, therefore adding to the reliability and predictive power of free

energy calculations.

As illustrated in Figure 2.1, two types of free energy changes were performed

in this study, alternatively employing eq. 2.1 or 2.2. First, for calculation of an

absolute binding free energy ∆Ḡbind(L) for the ligand to the target protein, the

ligand is decoupled 36,37 from its environment by scaling of non-bonded interactions

to zero as λ = 0 → λ = 1. The ligand is decoupled in the bound state, to

calculate ∆ḠN1, then in the unbound state to calculate ∆Ḡwt, and ∆Ḡbind(L) is

the difference of these two free energies (Figure 2.1). Second, the impact on the

binding free energy for a ligand modification L → L∗, ∆∆Ḡbind(L
∗), is computed

by changing the ligand L potential (λ = 0) to that of a chemically modified ligand

L∗ (λ = 1) in both bound and unbound states (∆∆ḠN1 and ∆∆Ḡwt). In both

cases, soft-core interaction potentials78 were used for ligand atoms involved in

the alchemical changes (sLJ = 0.5 and sC = 0.5)83 to avoid singularities in the

potential energy of the system. Eqs. 2.1 and 2.2 were integrated numerically using

the trapezoidal rule, which makes eq. 2.2 equivalent to eq. 2.3 below:

∆Ḡ0→1 =

∑N
i=1 ∆Gi

N
(2.3)

where ∆Gi is computed as in eq. 2.1, from a single simulation at each λ.
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Figure 2.1: Thermodynamic cycles for computation of (a) the absolute binding
free energy ∆Ḡbind(L) for decoupling of the peramivir ligand L to N1 and (b) the
relative binding free energy, ∆∆Ḡbind(L

∗), for a ligand modification L → L∗. An
additional cycle was employed to estimate hydration free energies.

2.2.5 Error Analysis of IT-TI predictions

Two alternative statistical procedures were employed to evaluate error and

uncertainty for ∆G0→1 or ∆Ḡ0→1 estimates. First, a error σsim(t) on the time-

varying derivative (∂U
∂λ

)λ for a single simulation performed at a given λ value can

be computed as

σsim(t) =

√√√√ 1

T − 1

T∑
t=1

(
(
∂U

∂λ
)λ,t − 〈

∂U

∂λ
〉λ
)2

(2.4)

with T being the total number of block-averages92 throughout the single

ith trajectory or all N concatenated independent trajectories. (∂U
∂λ

)λ,t denotes

the potential energy derivative, block-averaged at time t, which, in this study,

corresponds to every 50 time steps. 〈∂U
∂λ
〉λ is the ensemble average over the entire

simulation time at a given λ (see Table S2.6 for sampling period per λ). As an

example, σsim(t) values are reported as error bars for 〈∂U
∂λ
〉λ in the plots in Figure

2.6 (solid black curve). Then, a corresponding error on a single free energy estimate

∆Gi can be obtained as
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σ∆Gi =

√∫ 1

0

dλσ2
sim(t) (2.5)

However, the σ∆Gi includes the physically-based fluctuations of (∂U
∂λ

)λ,t, al-

though this noise is typically reduced by block averaging.92 Secondly, with IT-TI,

the uncertainty δ∆Ḡ on the average IT-TI free energy estimate ∆Ḡ from eq. 2.2

can be calculated as

δ∆Ḡ =
σ∆GN√
N

(2.6)

where σ∆GN is the standard deviation of N independent ∆G estimates.

Importantly, δ∆Ḡ has a clear statistical validity,93 because of its explicit dependence

on the repeated independent estimates. Then, the relative uncertainty for the IT-

TI free energy change ∆Ḡ reads:

δ∆Ḡ(%) =
δ∆Ḡ

∆Ḡ
· 100 (2.7)

This value allows a gauge of the magnitude of the uncertainty relative to

the free energy estimate. Here δ can be exchanged with σ when evaluating the

relative magnitude of the error in eq. 2.4. For the uncertainty (or the error σ) for

the binding free energy, the δ∆Ḡ is propagated in quadrature as:

δ∆Ḡbind =
√

(δ∆Ḡwt)
2 + (δ∆ḠN1

)2 (2.8)

In this study IT-TI simulations at λ values were extended to obtain suffi-

ciently smooth curves of 〈 δU
δλ
〉λ vs. λ (Figure 2.6). IT-TI trajectories were indepen-

dently equilibrated (0.5 ns) for each of the 26 λ points, followed by independent

sampling periods (0.5 ns) used for free energy estimation. Increased sampling (up

to 2.5 ns) times were required in the ranges 0.12 ≤ λ ≤ 0.24 and 0.12 ≤ λ ≤ 0.24.

A summary of these calculations is given in SI, Table S2.7. All alchemical de-

couplings and modifications fulfilled the criterion δ∆Ḡ(%) < 6%. Only N1-TAIL1

and N1-TAIL2 modifications had larger δ∆Ḡ(%) values (up to 52%) due to the

corresponding small ∆∆Gbind values (SI, Table S2.7).
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2.2.6 Separation of Thermodynamic States

For calculation of ∆GN1 (Figure 2.1 a), the bound state is enforced by a

harmonic restraining potential U(rL) = 1
2
kh(rL−r0) that restricts translation of the

ligand L to ensure sampling of a finite conformational space volume Vpocket within

the active site. Here, a central atom (C4, see Figure 2.7) was restrained with a

kh value of 0.6 kcal·mol−1Å−2. This constant was estimated from the ensemble-

average fluctuations of the ligand L by applying the equipartition theorem as37

〈rmsd2〉 = 〈(rL − r0)2〉 =

∫
(rL − r0)2P (rL)drL =

3RT

kh
(2.9)

where rL is the ligand COM during 20 ns of unrestrained simulation at

λ = 0, r0 is the initial crystallographic ligand position in the simulation starting

structure, P (rL) is the ligand 3-D positional probability distribution, R is the

molar gas constant, and T = 300 K.

The volume Vpocket can be defined as37

Vpocket =

∫
V

exp[−βU(rL)]dr (2.10)

Vpocket =

∫
V

exp[
1

2RT
kh(rL − r0)2]dr =

(
2πRT

kh

) 3
2

(2.11)

where β = 1
RT

. Thus, the correction36 for transferral of the ligand from the

restricted volume Vpocket to the bulk V ◦ = 1600 Å2 (corresponding to a 1 M ligand

concentration) for ∆GN1 in Figure 2.1 is computed and added to the expression

in eq. 2.2 as:

∆Ḡ0→1 =

∫ 1

0

dλ

∑N
i=1 〈

∂U
∂λ
〉λ,i

N
+RT ln(

Vpocket
V ◦

) (2.12)
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2.3 Results and Discussion

2.3.1 Conformational analysis of the N1-peramivir binding

site

Figure 2.2 shows the six-bladed β-propeller structure of N1 neuraminidase

bound to peramivir and important active site residues, monitored throughout 20

ns of N1-peramivir MD simulation.

Figure 2.2: The avian influenza virus N1 neuraminidase protein bound to
peramivir. (a) N1-peramivir monomer structure, with color-highlighted scaffold
structures containing important peramivir-binding residues (green: β-sheet 406;
red: β-turn 277; orange: β-turn 222; pink: loop 119; blue: loop 150). (b) Close
up of the N1-peramivir binding site with key residues highlighted.

To investigate N1-peramivir receptor flexibility and conformational changes,

the Cα atom-positional root-mean-square deviation (rmsd) from the X-ray crystal

structure was monitored for the secondary structure elements forming the N1-

peramivir binding site (Figure 2.3). Loop 150 deviates the most (up to ∼7 Å)

to sample stable open-loop configurations throughout the MD simulation (Figures

2.2 and 2.3; blue). This observation is similar to that recently reported for both

apo and oseltamivir-bound N1 neuraminidase (up to ∼6 Å).59 Additionally, we

find that loop 119 demonstrates significant flexibility and samples conformations

with rmsd of 4 and 3 Å in the N1-peramivir complex (Figures 2.2 and 2.3; pink).
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The dynamics of loops 150 and 119 in water indicate a significant relaxation from

the crystal-packed conformation captured in X-ray experiments. The β-sheet 406,

and β-turns 277 and 222, show comparatively lower rmsd deviations (1-3 Å) and

smaller fluctuations on the 20 ns timescale.

Figure 2.3: Time series of the Cα atom-positional root-mean-square deviation,
rmsd, of each N1-peramivir binding site loop or secondary structure element from
the X-ray structure. Color code as in in Figure 2.2. Running averages over 20 ps
windows are used for graphical purposes.

Table 2.1 summarizes N1-peramivir intermolecular hydrogen bonding dur-

ing the 20 ns simulation. Figure 2.7 defines peramivir atom nomenclature. A

dominant multi-center hydrogen bond between N1 E277 and the peramivir guani-

dinium group is stable for the entire simulation time, with peramivir NR3 and

NR1 atoms alternating as hydrogen donors to E277 carboxyl oxygen atoms OE1

and OE2 (50-69% occurrences). E277 also transiently interacts with the peramivir

methyl acetamide polar hydrogen (HP; 57%). Yet another hydrogen bond (54%) is

observed between the peramivir carboxyl oxygen (OD1) and the N1 Y406 hydroxyl

(O-H). Interestingly, the Y406 residue is homologous to other key catalytic tyrosine

residues found in the avian influenza virus family of glycosidases (Carbohydrate

Active Enzymes database;∗). Thus, targeting Y406 could be important for drug

design, as suggested by a computational solvent mapping analysis.94 An extended

hydrogen bond between N1 R152 on loop 150 and peramivir (O-H group) occurs

∗http://www.cazy.org/
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for 44% of the simulation time (Table 2.1), and contributes to the stability of open

loop 150 ensemble of configurations.

Table 2.1: N1-peramivir intermolecular hydrogen bonds from 20 ns of molecular
dynamics simulation.a

donor acceptor occurrence (%)

peramivir [NR3-HR3] E277 [OE1] 69

peramivir [NR3-HR3] E277 [OE2] 69

peramivir [NR1-HR1] E277 [OE1] 50

peramivir [NR1-HR1] E277 [OE2] 57

peramivir [NP-HP] E277 [OE2] 57

Y406 [O-H] peramivir [OD1] 54

R152 [NH2-H22]b peramivir [O5] 44
a Peramivir atom nomenclature as in Figure 2.7. OE refers to glutamate

carboxyl; O-H to tyrosine hydroxyl; NH2-H22 to arginine guanidinium.

All N1-peramivir intermolecular hydrogen bonds occurring for > 5% of

the simulation are shown. b Using extended hydrogen bonding criterion.

Figure 2.4 describes the conformational sampling of peramivir in the N1

binding site. N1 protein atoms that maintain strong interactions with either

(i) charged ligand moieties (salt-bridges) or (ii) hydrophobic groups (hydrophobic

packing) display distance probability distributions with one sharp, high-intensity

peak. Those residues experiencing varied interactions have broader distributions

and/or multiple peaks. Throughout the 20 ns simulation, the peramivir guani-

dinium group (CR atom; Figure 2.7) maintains a well-defined salt-bridge with the

N1 E277 carboxyl group (3.8 Å average distance). The broad distribution for

the peramivir CR - N1 E119 distance (5.2 Å) and the doubly peaked distribution

for peramivir CR - N1 E227 distance (4.7 and 6.5 Å for first and second peak)

correspond to transient salt bridges formed by these N1 glutamate residues to the

peramivir guanidinium group.

Stable long-range interactions between peramivir and the arginine triad

of R118, R371, and R292 residues (Figure 2.2) are observed along our 20 ns of

N1-peramivir simulation, with distribution peaks at 6.8, 8.0, and 9.6 Å, respec-
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Figure 2.4: Conformational sampling of peramivir moieties in the N1 neu-
raminidase binding site from 20 ns N1-peramivir MD simulation. Distance pairs
are labeled according to the atoms monitored: peramivir CR to N1 E277 (blue),
E119 (green), and E227 (red) carboxyl group carbon; peramivir CD to N1 R118
(pink), R292 (yellow), R371 (violet); peramivir C11 to N1 I222 side chain carbon
(black) and W178 aromatic ring carbon (cyan). See Figure 2.7 for peramivir atom
nomenclature.

tively (Figure 2.4). This triad of positively-charged residues also contributes to

binding via the conserved ligand carboxyl group in both the natural ligand, sialic

acid, and other synthetic neuraminidases inhibitors (e.g. DANA, oseltamivir, and

zanamivir).54,95 Our results support the fundamental role of R118 and R371 in N1-

peramivir binding. The distal position of R292 indicates less reliance of peramivir

on this residue, and could account for the retained peramivir affinity for the N2

resistance mutation R292K.80,96 The peramivir aliphatic tail (Figure 2.7) has been

designed95 to fill a small hydrophobic sub-pocket, comprised of W178 and I222

residues, that is conserved among both group 1 and 2 NA. Our MD simulation

confirms that peramivir tail atoms interact with the branched I222 side chain

(C11 peak at 4.0 Å average distance; Figure 2.4). The same peramivir tail atoms

are also stably close to the W178 aromatic carbons (C11 peak at 4.2 Å; Figure

2.4). These results highlight the occurrence of important hydrophobic-packing

interactions in the N1 sub-pocket. We note that the majority of the conserved

residues described above have been previously suggested to participate in key in-
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teractions between sialic acid and inhibitors DANA, zanamivir, oseltamivir, as well

as peramivir, in both group 1 and 2 NA receptors.54,94–98

2.3.2 Changes of peramivir hydration upon N1 binding.

Peramivir hydration and its changes upon N1 binding were also analyzed.

Figure 2.5 shows the radial distribution functions (rdf) for water oxygen atoms from

wt-peramivir and N1-peramivir simulations. The peramivir guanidinium group

(CR atom; Figure 2.7) decreases by ∼0.5 units in its first peak intensity upon

N1-peramivir binding. We can explain this desolvation effect considering the tight

interaction of this bulky, positively charged peramivir group with the negatively

charged N1 E277 carboxyl (Figure 2.4 and Table 2.1). Desolvation upon N1 binding

is also observed for the peramivir aliphatic tail by the intensity decrease of its first

solvation shell peaks (C10 and C11 atoms, ∼0.5-0.9 units; Figure 2.5). This is

consistent with the formation of more favorable interactions between peramivir

and N1 residues I222 and W178.

Figure 2.5: Ensemble-averaged solvation of peramivir moieties when free in solu-
tion (a) or bound to the N1 protein binding site (b). Radial distribution functions,
rdf, of the water oxygen atoms from 20 ns MD simulations are shown centered on
peramivir atoms CR (blue), C10 (black solid), C11 (black dashed), CD (red), O5
(green), and NP (cyan). See Figure 2.7 for peramivir atom nomenclature.

A different hydration behavior can be noticed for the peramivir carboxyl

group (CD atom), with a similar strong intensity for its first peak at∼3.5 Å in both

wt-peramivir and N1-peramivir simulations. Its second peak intensity diminishes
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only marginally upon N1-peramivir binding (∼0.3 units). Thus, the peramivir

carboxyl group is still solvated in the N1 binding site on an ensemble average basis

by dynamic water molecules. The presence of water molecules in the N1-peramivir

binding site and the lack of persistent ligand-solvent hydrogen bonds confirm this

point. A peramivir carboxyl group - N1 Y406 hydroxyl hydrogen bond is tran-

siently formed (54% occurrence; Table 2.1), allowing this peramivir moiety to still

repeatedly interact in the N1-peramivir binding site with water molecules. Water

exchange in charged protein cavities70 and water-mediated interactions in flexi-

ble carbohydrate-protein binding99 have been previously reported. The peramivir

hydroxyl group displays a first peak with reduced intensity when N1-bound (O5

atom, ∼0.5 units; Figure 2.5). This moiety forms a competing hydrogen bond to

N1 R152 (44%; Table 2.1), yet water molecules are maintained in the first solva-

tion shell upon binding. The peramivir acetamide group (NP atom) has limited

solvent accessibility due to the adjacent hydrophobic tail. Its solvation is further

decreased (∼0.5 units) in the bound state upon formation of a hydrogen bond to

N1 E277 (57% occurrence; Table 2.1). Overall, the interactions of the peramivir

guanidinium group with N1 E277, E227, and E119, the peramivir carboxyl group

with catalytic N1 Y406, and the peramivir aliphatic tail with N1 W178 and I222

in the hydrophobic sub-pocket appear most relevant to drive N1-peramivir binding

based on conformational and hydration analyses.

2.3.3 IT-TI free energy change upon N1-peramivir bind-

ing.

The free energy change upon N1-peramivir binding was estimated using

the IT-TI approach, and compared with standard TI estimates, as well as with

experiment. Examples of 〈∂U
∂λ
〉λ vs. λ curves are shown for standard TI, along

with the improved average curves from IT-TI, for both the N1 protein and water

reference states (Figure 2.6). The IT-TI curves are smoother than those obtained

from individual standard TI runs, because of increased sampling and improved

overall statistics obtained through N=5 independent ensembles. Their integration

(eq. 2.2) provides ∆ḠN1 and ∆Ḡwt values to estimate ∆Ḡbind (SI, Table S2.7).



29

This is summarized in the thermodynamic cycle of Figure 2.1 a.

Figure 2.6: 〈∂U
∂λ
〉λ values vs. λ. (a) Decoupling of peramivir in N1 binding site

∆ḠN1. (b) Decoupling of peramivir in water ( ∆Ḡwt). Black lines: average values
over all N individual trajectories. Brown lines: individual trajectory TI curves.
Error bars correspond to σsim(t) (eq. 2.4), computed for either a single simulation
(brown) or all N simulations (black). Inset panels highlight λ regions where IT-TI
averages outperform standard individual TI calculations.

Table 3 reports the IT-TI results and their comparison with the available

experimental data. Our IT-TI ∆Ḡbind estimate (−14.6± 1.3 kcal·mol−1) matches

the ∆Ḡexp value (−14.8 ± 0.4 kcal·mol−1) derived from multiple IC50 measure-

ments;63,64,100 see SI, Table S2.8). The discrepancy of 0.2 kcal·mol−1 has no sta-

tistical significance within the above uncertainties. Remarkably, the IT-TI predic-

tion of the experimental value relies on individual ∆Ḡbind(i) estimates that span a

rather large free energy range (see Table 2.2). These standard TI estimates vary

with the independent calculation performed, ranging from an overly favorable esti-
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mate (i=4; 30% difference) to an unfavorable estimate (i=5; 19% difference) of the

∆Ḡexp value. Only one of the individual standard TI results is in good agreement

with the ∆Ḡexp value (−15.2 ± 2.6 kcal·mol−1); 3% difference). The remaining

four TI estimates have differences < 10%. A significantly different N1-peramivir

binding free energy estimate of −282.5 ± 7.6 kcal·mol−1 has been reported based

on MM-PBSA calculations.98

Table 2.2: Free energy change upon N1-peramivir binding. The average bind-
ing free energy derived from repeated IC50 experiments ∆Ḡexp can be compared
with the IT-TI ∆Ḡbind estimate. Corresponding ∆Ḡbind(i) values from individual
standard TI trajectories are also reported.

Binding Free Energy Estimates (kcal·mol−1)

Free Energy uncertainties (δ) or errors (σ)

δc
∆Ḡ

δd
∆Ḡ

(%)

∆Ḡa
exp -14.8 0.4 3

∆Ḡb
bind -14.6 1.3 9

∆Ḡbind(N)e σf
∆Ḡi

σ∆Ḡi (%)

i=1 -15.2 2.6 17

i=2 -13.2 2.2 16

i=3 -13.3 2.4 18

i=4 -19.3 2.4 12

i=5 -12.0 2.3 19

a Derived using data in refs. 18 and 48, with the

Cheng-Prusoff rule in Ref. 47 (see SI, Table S2.8).

b Eq. 2.12, N=5. c Eq. 2.6, with propagated uncertainties

as in eq. 2.8. dEq. 2.7. e Eq. 2.1. f Eq. 2.5.

The IT-TI free energy estimate also has a lower δ∆Ḡi(%) relative uncer-

tainty (9%) compared to the relative error σ∆Ḡi(%) from standard TI (Table 2.2).

σ∆Ḡi(%) values associated with independent ∆Ḡbind(i) estimates are larger, rang-

ing between 12% (i=4) and 19% (i=5). We stress that σ∆Ḡi typically evaluated

for single standard TI trajectories are not statistical uncertainties for the ∆Ḡi es-

timate (see Methods section, eq. 2.5). Repeated IT-TI runs allow calculation of
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the more statistically useful free energy uncertainty δ∆Ḡ (see Methods section, eq.

2.6). The latter is directly comparable to the uncertainty on the ∆Ḡexp determined

from N experimental values (SI, Table S2.8). Overall, our results underscore the

improved predictive power of IT-TI vs. standard TI, due to the increased statis-

tical reliability. The large deviations observed among standard TI estimates can

be explained, in part, by the flexibility of the N1 binding site. Loops 119 and 150

demonstrate heterogeneous conformational sampling among different λ regions;

their rmsd from the initial equilibrated structure reach values up to 4.0 and 7.0

Å, respectively (data not shown). This is consistent with both the dynamic loop

behavior from analysis of the longer 20 ns MD simulation (Figure 2.3) and with

the large σ∆Ḡi values for standard TI estimates (Table 3). We conclude that the

IT-TI method significantly aids sampling of thermodynamic microstates along the

λ pathway for flexible receptors by ensemble averaging of independent trajectories.

2.3.4 IT-TI free energy changes for peramivir alchemical

modifications.

N1-peramivir binding determinants were also investigated using IT-TI free

energy changes upon computer alchemical modifications and their underlying ther-

modynamic cycle (Figure 2.1 b). Figure 2.7 summarizes the corresponding ∆∆Ḡbind

values together with the peramivir free energy of binding ∆Ḡbind. A positive or

negative value of ∆∆Ḡbind indicates thermodynamically unfavorable or favorable

alchemical modifications of the ligand L, respectively.

Neutralizing COO- and NR3+ charges has large but opposite effects on lig-

and binding (∆∆Ḡbind of +13.2 ± 0.7 and −19.1 ± 1.0 kcal·mol−1, respectively).

The TAIL1 and TAIL2 modifications both have small, favorable impacts on lig-

and binding (∆∆Ḡbind of −1.4 ± 0.6 and −0.4 ± 0.5 kcal·mol−1, respectively).

To understand these results, one must look at the effects on receptor-ligand in-

teractions and ligand hydration free energy changes (∆∆Ḡhydr) upon alchemical

modification. In other words, a given ∆∆Ḡbind change can arise from different

compensating effects. For example, a positive ∆∆Ḡbind value may be driven by

(i) unfavorable (enthalpic or entropic) N1-ligand interactions, (ii) a more favorable
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∆∆Ḡhydr , or (iii) a thermodynamically unfavorable combination of the previous

effects. Similarly, a negative ∆∆Ḡbind value may be driven by (i) favorable (en-

thalpic or entropic) N1-ligand interactions, (ii) a more unfavorable ∆∆Ḡhydr , or

(iii) a thermodynamically favorable combination of the previous effects. In this

section, we address the impact of different modifications on ligand relative binding

free energies for N1 and, in the next section, we consider relative ligand hydration

free energies. Both are needed to fully describe a given binding free energy change

∆∆Ḡbind.

Throughout the unfavorable λ = 0 → λ = 1 N1-COO- modification, R292

and R371 residues move on average away from the ligand. The closest argi-

nine, R118, reduces its average distance to the ligand CD atom (Figure 2.8 a).

The important ligand carboxyl-Y406 interaction (Table 2.1) is partially disrupted,

while guanidinium interactions with E119, E227, and E277 are maintained. These

changes in N1-ligand interactions support the unfavorable impact of this modifi-

cation. A mix of favorable and unfavorable conformational changes occur during

the favorable λ = 0→ λ = 1 N1-NR3+ modification. R371 samples a more stable

conformation close to the ligand CD atom, revealed by a sharper distance distri-

bution peak (see λ = 0 vs. λ = 1; SI, Figure 2.8 b). The ligand acetamide group

is pushed closer to residue R156, which forms a hydrogen bond with atom OP

(data not shown). This residue is not observed to closely interact with the un-

modified peramivir. However, the ligand carboxyl-Y406 interaction is destabilized

and the ligand guanidinium loses its favorable electrostatic interaction with N1

E277, which shifts away from the neutralized moiety. This analysis is not firmly

indicative of the overall favorable impact of this modification, and examination of

hydration effects is necessary (see below).

Following the favorable λ = 0 → λ = 1 TAIL1 modification, I222 and

W178 distance distributions for the modified peramivir aliphatic tail (C8 and C9

atoms) transition to sharper and fewer peaks (see λ = 0 vs. λ = 1; Figure 2.8 c

and d). The very weakly favorable TAIL2 modification has a limited effect, and

the distributions of tail atoms C8 and C10 with I222 and W178 residues remain

predominantly broad (4.0-9.0 Å; Figures 2.8 e and f).
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Figure 2.7: Summary of the modifications (COO-, NR3+, TAIL1, and TAIL1)
for the peramivir (peramivir) molecule. The IT-TI free energy changes due to
peramivir hydration ∆Ḡhydr(L) and N1-peramivir binding ∆Ḡbind(L).are shown
as well as peramivir alchemical modification ∆∆Ḡhydr(L

∗) and ∆∆Ḡbind(L
∗).All

values are given in kcal·mol−1 with corresponding uncertainties.

2.3.5 The role of ligand hydration in N1 binding thermo-

dynamics.

Figure 2.8 summarizes the hydration free energy for peramivir, ∆Ḡhydr ,

and the changes of this quantity for its alchemical modifications, ∆∆Ḡhydr . The

corresponding binding free energy to N1, ∆Ḡbind, and changes of this quantity,

∆∆Ḡbind, are also reported. Figure 2.9 illustrates the free energy components in-

volved in peramivir alchemical modifications. With IT-TI, we estimate a ∆∆Ḡhydr

value of −25.6± 0.3 kcal·mol−1 for peramivir; no experimental data are available

to date for direct validation of this result. We note that this value is in qualitative

agreement with hydration free energies of a large variety of compounds used to

calibrate the force field used in this study.70,71,85

The COO- modification gives a positive ∆∆Ḡhydr value of +3.8±1.2 kcal·mol
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Figure 2.8: Distance distributions for select peramivir atoms during alchemical
modifications, displayed for λ = 0 (dotted lines) and λ = 1 (solid lines). For charge
perturbations, distance pairs for several atoms are labeled for the (a) N1-COO- and
(b) N1-NR3+ modifications: peramivir carboxyl CD to the functional groups of
R292 (yellow), R371 (violet), R118 (pink), and Y406 (red); peramivir guanidinium
CR to E277 (blue); and peramivir acetamide OP to N1 R156 (orange). The TAIL1
modification distributions using unmodified peramivir atoms C8 (c) and C9 (d)
and for the TAIL2 modification, unperturbed peramivir atoms C8 (e) and C10 (f)
are shown to N1 I222 side-chain terminal carbon (black) and to N1 W178 aromatic
ring carbon (maroon). See Figure 2.7 for ligand atom nomenclature.
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−1. The peramivir carboxyl group gives distinct primary and secondary radial dis-

tribution function (rdf) peaks in the unbound state. When deleting its charge,

water structure is reduced (see λ = 0 vs. λ = 1; wt-COO-; Figure 2.10). Ligand

hydration around this moiety is maintained in the N1-bound state, yet its first

solvation shell is displaced (see λ = 0 vs. λ = 1; N1-COO-; Figure 2.10). A

sufficiently unfavorable ligand hydration free energy in the unbound state would

drive hydrophobic binding. However, this effect is not large enough to compensate

for the loss of favorable N1-ligand interactions (see previous section). The COO-

charge alchemical modification has the largest unfavorable impact in the N1-bound

state, leading to an overall unfavorable ∆∆Ḡbind value of +13.2± 0.7 kcal·mol−1.

Figure 2.9: Binding free energies ( ∆∆Ḡbind ; grey solid bars) and corresponding
hydration free energies (∆∆Ḡhydr ; diagonal hatched bars) for all alchemical mod-
ifications in this study. Vertical bars display the corresponding uncertainties δ∆Ḡ.
All computed free energy values and uncertainties can be found in SI, Table S2.7.

A different compensation occurs between the bound and unbound states

for the NR3+ charge modification, with a large unfavorable ∆∆Ḡhydr value of
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+29.9±0.4 kcal·mol−1. The single solvation peak of the unbound peramivir guani-

dinium group shifts to larger distances (see λ = 0 vs. λ = 1; wt-NR3+; Figure 2.10)

due to hydrophobic desolvation of this bulky charge group. The limited hydration

of the charged peramivir guanidinium in the N1 active site is almost unaffected by

the modification (see λ = 0 vs. λ = 1; N1-NR3+; Figure 2.10). The NR3+ neu-

tralization has the largest unfavorable impact on the unbound state, overwhelming

the loss of some N1-ligand favorable interactions during the modification in the

bound state (see previous section). This leads to a net favorable ∆∆Ḡbind change

of −19.1 ± 1.0 kcal·mol−1. This value is significantly more favorable than the

peramivir ∆Ḡbind value, but also represents a free energy change for an unphysical

modification (a neutral guanidinium group). However, this result points to the

experimentally observed, improved binding of inhibitors to N2 neuraminidase by

hydrophobic substitution at the peramivir guanidinium position.101

Figure 2.10: Radial distribution functions (rdf), for peramivir moieties during
modifications for λ = 0 (dashed) and λ = 1 (solid). For the COO- modification
peramivir carboxyl atom CD was used; for the NR3+ modification, guanidinium
atom CR was used; for the TAIL1 and TAIL2 modifications the rdf around aliphatic
tail atoms C8 (thick lines) and C9 (thin lines), and C10 (thick lines) and C12 (thin
lines) are displayed, respectively.

In water, TAIL1 and TAIL2 modifications increase the solvation around
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the unperturbed atoms (see λ = 0 vs. λ = 1; Figure 2.10) and correlate with

the ∆∆Ḡhydr values of −0.3 ± 0.1 and 1.7 ± 0.1 kcal·mol−1, respectively. In the

N1 binding site, a distinct decrease (≈0.5 units) for TAIL1 solvation (C9 atom;

Figure 2.10) agrees with the rearrangement of N1 hydrophobic residues I222 and

W178 (see previous section). The opposite signs of ∆∆Ḡhydr offset the changes

observed in the protein as well as entropic changes to the aliphatic tail, resulting

in similar ∆∆Ḡbind values of −1.4± 0.6 and −0.4± 0.1 kcal·mol−1 for TAIL1 and

TAIL2 alchemical modifications (Figure 2.9). Overall, these results emphasize the

dominant electrostatic contribution to the free energy of N1 binding for peramivir

and its alchemically-modified variants and suggest that future drug development

may also be guided by conveniently tuning ligand flexibility and hydrophobicity

at this substituent.

2.4 Conclusion

The independent trajectory thermodynamic integration (IT-TI) approach

gives accurate estimates of free energy changes for biomolecular systems based on

multiple independent simulations. Our results underscore the improved predic-

tive power of IT-TI vs. standard TI, due to the increased statistical reliability.

Standard TI estimates from individual trajectories span a rather large free energy

estimate range, from a 19% underestimation to a 30% overestimation of the exper-

imental reference value (−14.8± 0.4 kcal·mol−1). Remarkably, our IT-TI binding

free energy estimate (−14.6 ± 1.3 kcal·mol−1) is in excellent agreement, i.e. 1%

relative difference. A general formulation is proposed to evaluate corresponding

uncertainties on the free energy estimates.

Analysis of a 20 ns MD simulation of the modeled N1-peramivir complex

reveals interactions that stabilize the binding pose, including salt bridges of the

peramivir guanidinium group with N1 E277, E227, and E119, hydrogen bonding

between the peramivir carboxyl group and Y406, and hydrophobic interactions

of the peramivir aliphatic tail with N1 W178 and I222. This dynamic, atomistic

description of the bound state was correlated with key thermodynamic contri-
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butions to the binding free energy using IT-TI to compute relative free energy

changes for alchemical modifications of peramivir. Neutralization of the peramivir

carboxyl charge had the largest unfavorable impact in the N1-bound state, while

deleting the guanidinium group charge was highly unfavorable in the unbound

state. These results emphasize the dominant electrostatic contribution to the N1-

peramivir binding free energy. Alchemical modifications of the peramivir aliphatic

tail structure suggest that future drug development may also be guided by conve-

niently tuning ligand flexibility and hydrophobicity.

Overall, IT-TI seems particularly promising in the case of highly flexible

protein receptors, ligands, and macromolecular binding partners in general. Our

findings indicate that inhibitor design for a given target relies on an accurate ther-

modynamic description of both the bound and unbound ligand states. Thus, we

suggest that the most reliable and predictive free energy calculations will likely rely

on the use of explicit solvent simulations and MD force fields that are parametrized

using solvation thermodynamics. We anticipate the application of the IT-TI ap-

proach to develop improved and potent drugs to inhibit flexible macromolecular

receptors.
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Supplemental Information

Supporting Tables

Table S2.1: System set up for MD simulations of peramivir bound to the N1 active
site (N1-peramivir), free in water (wt-peramivir), and in vacuum (vc-peramivir).

N1-peramivir wt-peramivir vc-peramivir

T [K] 300 300 300

no. Na+ ions 3 0 0

total system charge [e] 0 0 0

no. solute atoms 3863 30 30

no. water molecules 17046 1748 0

no. atoms in system 55004 5274 30
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Table S2.2: GROMOS force field parameters for atom type and partial charges
for all peramivir atoms.

atoma description GROMOS partial charge (e)

non-bonded

interaction code

C2, C5 ring CH 12 -0.200

C3 ring CH2 13 0.160

C4 ring CH 12 0.240

C1 ring CH 12 0.232

O5 hydroxyl O 3 -0.642

H5 hydroxyl H 18 0.410

C6 aliphatic chain CH2 13 0.200

C7 aliphatic chain CH 12 -0.200

C8, C10 aliphatic chain CH2 13 0.000

C9, C11 aliphatic chain CH3 14 0.000

NP amide N 5 -0.280

HP amide H 18 0.280

CP amide C 11 0.380

OP amide O 1 -0.380

CP3 methyl amide CH3 14 0.000

NR1 guanidinium N 10 -0.110

HR1 guanidinium H 18 0.330

CR guanidinium C 11 0.340

NR2, NR3 guanidinium N 9 -0.260

HR2, HR3. HR4, HR5 guanidinium H 18 0.240

CD carboxyl C 11 0.270

OD1, OD2 carboxyl O 2 -0.635
a The force field is based on the standard GROMOS functional form ref. 28.

Special parameters are taken from refs. 29 and 30. See Figure 2.7 for peramivir atom

naming convention. The GROMOS non-bonded interaction code defines the van

der Waals parameters used.
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Table S2.3: Bond stretching and angle GROMOS force field parameters for
peramivir atoms, reported using GROMOS nomenclature.

bond atom (names) b0 (nm) Kb (106 kJ·mol−1 nm−4)

C2-C3, C3-C4, all carbon ring atoms 0.1520 5.43

C1-O5 0.1435 6.10

O5-H5 0.1000 15.70

C6-C7, C7-C8, C8-C9, C7-C10, C10-C11,

CP-CP3, C2-C28 0.1530 7.15

C6-NP, C4-NR1 0.1470 8.71

NP-H15, NR1-NR1, NR2-HR2, NR2-HR3,

NR2-HR4,NR3-HR5 0.1000 18.70

NR1-CR, CR-NR2,

CR-NR3 0.1340 10.50

NP-CP 0.1333 11.80

CP-OP 0.1230 16.60

CD-OD1, CD-OD2 0.1250 13.40

bond angle atom (names) θ0 [degree] K? ( kJ·mol−1)

C1-C2-C3, all carbon ring atoms 109.5 285

C2-C1-O5, C5-C1-O5, C3-C4-NR1,

C5-C4-NR1 109.5 320

C1-O5-H5 109.5 450

C5-C6-C7, C6-C7-C8, C7-C8-C9,

C8-C7-C10, C7-C10-C11, C6-C7-C10,

C5-C6-NP, C7-C6-NP 109.5 520

C6-NP-H15, C4-NR1-HR1 115.0 460

NP-CP-CP3 115.0 610

C6-NP-CP, C4-NR1-CR 122.0 700

HP-NP-CP 123.0 415

NP-CP-OP 124.0 730

OP-CP-CP3 121.0 685

HR1-NR1-CR, all guanidinium C-N-H groups 120.0 390

HR2-NR2-HR3, HR3-NR3-HR5 120.0 445

NR1-CR-NR2, NR1-CR-NR3, NR2-CR-NR3 120.0 670

C2-CD-OD1, C2-CD-OD2 117.0 635

OD1-CD-OD2 126.0 770
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Table S2.4: Improper and proper dihedral GROMOS force field parameters for
peramivir, reported using GROMOS nomenclature.

improper harmonic dihedral ξ0 Kξ

(atom names) (degree) (kJ·mol−1degree−2)

C5-C6-C1-C4, C1-O5-C2-C5,

C7-C6-C10-C8 35.26439 0.1020

C4-NR1-C3-C5, C6-C5-C7-NP,

C2-CD-C1-C3 35.26439 0.1020

NP-C8-CP-HP, C6-NP-CP-OP,

CP-NP-OP-CP3 0.00000 0.0510

NR1-C4-HR1-CR, CR-NR1-NR3-NR2, NR2-CR-HR2-HR3,

NR3-CR-HR4-HR5 0.00000 0.0510

CD-OD1-C2-OD2 0.00000 0.0510

proper trigonometric torsion angle cos(δ) m K

(atom names) (kJ·mol−1·degree−2)

C2-C3-C4-C5, C4-C5-C1-C2 +1.0 2 0.418

+1.0 3 5.860

C1-C2-C3-C4, C5-C1-C2-C3,

C3-C4-C5-C1 +1.0 3 5.860

C6-C7-C8-C9, C6-C7-C10-C11,

C5-C6-C7-C8 +1.0 3 5.860

C2-C1-O5-H5 -1.0 2 7.110

C4-NR1-CR-NR2, NR1-CR-NR2-HR2, NR1-CR-NR3-HR4 -1.0 2 33.50

C4-C5-C6-C7, C5-C6-NP-CP +1.0 3 3.770

C5-C4-NR1-CR, C3-C2-CD-OD1 +1.0 3 3.770

Table S2.5: Summary of IT-TI simulation set up for absolute binding free energy
calculations.

IT-TI annihilation vc-peramivir wt-peramivir N1-peramivir

no. λ points 26 26 26

N 5 5 5

equilibration period per λ [ns] 0.5 2.0 2.5

sampling period per λ [ns] 0.5 2.0 2.5a

total IT-TI equilibration [ns] 13 52 65

total IT-TI sampling [ns] 13 52 165
a Sampling times extended up to 15 ns for 0.12 ≤ λ ≤ 0.24 and 0.76 ≤ λ ≤ 0.92.
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Table S2.6: Summary of IT-TI simulation set up for relative binding free energy
calculations for peramivir modifications.

IT-TI modifications N1-COO- N1-NR3+ N1-TAIL1 N1-TAIL2

no. λ points 26 26 26 26

N 5 5 5 5

equilibration period per λ [ns] 0.5 2.0 2.5 2.5

sampling period per λ [ns] 0.5 2.0 2.5 2.5a

total IT-TI equilibration [ns] 13 52 65 65

total IT-TI sampling [ns] 13 52 165 165
a Sampling times extended up to 15 ns for 0.12 ≤ λ ≤ 0.24 and 0.76 ≤ λ ≤ 0.92.
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Table S2.7: Summary of all IT-TI free energy components for N1-peramivir bind-
ing and hydration free energy calculations.

N1-peramivir ∆Ḡ (kcal·mol−1) δ∆Ḡ [kcal·mol−1]a δ∆Ḡ(%)b

∆Ḡbind -14.6 1.3 9

∆Ḡhydr -25.8 0.3 1

∆ḠcN1 163.2 1.3 1

∆Ḡwt 148.7 0.2 ¡ 1

∆Ḡvc 122.9 0.2 ¡ 1

COO- ∆Ḡ (kcal·mol−1)

∆Ḡbind 13.2 0.7 5

∆Ḡhydr 3.8 1.2 32

∆ḠN1 85.8 0.7 1

∆Ḡwt 99.1 0.05 ¡ 1

∆Ḡvc 102.8 1.2 1

NH3+ ∆Ḡ (kcal·mol−1)

∆Ḡbind -19.1 1.0 5

∆Ḡhydr 29.9 0.4 1

∆ḠN1 66.3 0.9 1

∆Ḡwt 47.2 0.4 ¡ 1

∆Ḡvc 77.2 0.2 ¡ 1

TAIL1 ∆Ḡ (kcal·mol−1)

∆Ḡbind -1.4 0.6 43

∆Ḡhydr -0.3 0.1 33

∆ḠN1 -1.1 0.6 54

∆Ḡwt -2.5 0.07 3

∆Ḡvc -2.8 0.1 4

TAIL2 ∆Ḡ (kcal·mol−1)

∆Ḡbind -0.4 0.5 125

∆Ḡhydr 1.7 0.07 4

∆ḠN1 -2.7 0.5 19

∆Ḡwt -3.1 0.02 ¡ 1

∆Ḡvc -1.3 0.07 5
a As in eq. 2.6, N=5. b Eq. 2.7. c With correction in eq. 2.12.
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Table S2.8: Summary of quantities from experiments used for validation of the
computed N1-peramivir binding free energy.

IC50 (nM)a Ki (nM)b ∆Ḡ
exp
bind

kcal·mol−1)c

0.370± 0.300 0.085± 1.000 −62.20± 1.800
aAverage from N = 51 H5N1 fluorometric assays, ref. 18.
bAverage inhibition constant from application of the Cheng-Prusoff (ref. 47) rule

for competitive inhibition:

IC50 = Ki

“
1 +

[S]
Km

”
where Ki represents the dissociation constant for the enzyme-inhibitor complex, Km

is the wildtype enzyme Michaelis constant from ref. 48, and [S] is the competing

fluorescent substrate MUNANA concentration used in the NA enzyme inhibition assay.
cDetermined from RTln(Ki). Uncertainties were propagated in quadrature.



Chapter 3

Impact of calcium on N1

influenza neuraminidase dynamics

and binding free energy

Abstract

The highly pathogenic influenza strains H5N1 and H1N1 are currently

treated with inhibitors of the viral surface protein neuraminidase (N1). Crystal

structures of N1 indicate a conserved, high affinity calcium binding site located near

the active site. The specific role of this calcium in the enzyme mechanism is un-

known, though presence of this ion has been shown to be important for enzymatic

activity and thermostability. We report molecular dynamics (MD) simulations of

calcium-bound and calcium-free N1 complexes with the inhibitor oseltamivir (mar-

keted as the drug Tamiflu), independently using both the AMBER FF99SB and

GROMOS96 force fields, to give structural insight into calcium stabilization of key

framework residues. Y347, which demonstrates similar sampling patterns in the

simulations of both force fields, is implicated as an important N1 residue that can

clamp the ligand into a favorable binding pose. Independent trajectory thermody-

namic integration (IT-TI) and free energy perturbation (FEP) calculations, using

two different force fields, support the importance of Y347 and indicate a +3 to +5

46
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kcal·mol−1 change in the binding free energy of oseltamivir in the absence of cal-

cium. With the important role of structure-based drug design for neuraminidase

inhibitors and the growing literature on emerging strains and subtypes, inclusion

of this calcium for active site stability is particularly crucial for computational

efforts such as homology modeling, virtual screening, and free energy methods.

3.1 Introduction

Type A influenza virus is becoming a worldwide pandemic threat due to its

virulence and transmissibility in people∗. The viral surface protein neuraminidase,

along with hemagglutinin, classifies influenza subtypes and fulfills an important

role in viral propagation by cleaving a terminal sialic acid from host cell surfaces;

thus, neuraminidase is a key drug target for controlling flu infection. The en-

zyme has two distinct families,54 group 1 (N1, N4, N5, N8) and group 2 (N2,

N3, N6, N7), with group 1 including the N1 subtype found in recent outbreaks

of the highly pathogenic subtype H5N1, as well as the 1918 epidemic and swine

flu H1N1. The protein exhibits a high rate of antigenic shift and drift, yielding

proteins with heterogeneous sequences that can reduce sensitivity to the clinically

used inhibitors oseltamivir (marketed as Tamiflu by Roche Pharmaceuticals, Basel,

Switzerland), zanamivir (marketed as Relenza by GlaxoSmithKline, Bentford, U.

K.), and peramivir (BioCryst Pharmaceuticals, Birmingham, AL).

A high affinity calcium binding site near the active site has been identified

through crystallography54,64,102,103 and Proton Induced X-ray Emission (PIXE) ex-

periments,104 though the calcium density was not resolved or discussed for some

holo structures of group 1 neuraminidase.54 The specific role of this calcium ion

is unknown, but experiments have supported its importance for wildtype enzyme

activity105 and enzyme thermostability.106 Commonly performed fluorometric neu-

raminidase activity assays include calcium salts in the activity buffer and follow

the protocol developed originally in Potier, et al,107 where increased calcium ion

concentration was found to augment activity. Additionally, a recent crystal struc-

∗http://www.cdc.gov/flu/avian/gen-info/flu-viruses.htm
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ture of calcium-deficient group 2 neuraminidase shows destabilization of the key

active site residue R292 near the calcium binding site.108

While dynamics of N1 ligand binding have been examined computation-

ally,45,59,109,110 no dynamic, structural study has investigated the contribution of

this calcium to neuraminidase substrate binding. Here we compare simulations

of calcium-bound and calcium-free complexes of N1 neuraminidase bound to the

nanomolar-affinity drug oseltamivir. To quantify the impact of this calcium on

oseltamivir binding affinity, we calculate the free energy of binding for both com-

plexes. This study also checks for force field dependency of the observed calcium

effects on N1 dynamics through comparison of simulations and free energy calcu-

lations performed with the AMBER FF99SB and GROMOS96 force fields.

We emphasize the impact of calcium binding on integrity of the active

site and accurate calculation of binding free energies. In particular for N1, calcium

stabilizes Y347 for interaction with the ligand oseltamivir and helps to maintain an

optimal binding pose with other N1 binding site residues. Incorporation of calcium

as an integral part of the active site is particularly crucial given the importance of

structure-based drug design for N1 inhibitor development to date111 and prevalance

of homology models112,113 for emerging subtypes and resistance mutations, virtual

screening,60,61 and free energy methods98,114,115 for this protein.

3.2 Materials and Methods

3.2.1 MD simulations of N1 with the GROMOS96 and

AMBER FF99SB force fields

N1 monomer simulations were performed using the GROMOS05 software

for biomolecular simulation83 and the GROMOS96 force field (45A3 parameter

set).71 Molecular Dynamics (MD) set up is described in detail in the Supporting

Information (SI) Methods section. The GROMOS96 simulations were run with

the multiple independent trajectory approach, to improve sampling by running

many shorter simulations, instead of fewer, longer trajectories. Both complexes of



49

N1-oseltamivir, with and without the bound calcium ion, were simulated in ten

independent trajectories, each 4 ns, for a total of 40 ns of simulation for each

complex. Comprising the ten simulations were five simulations generated from

the chain B monomer in the oseltamivir-bound Loop 150 open crystal structure

(PDBID: 2HU0) and five simulations started from the chain A monomer in the holo

Loop 150 closed crystal structure (PDBID: 2HU4). As the calcium density was

not present in these crystal structures, overlap with the apo N1 structure 2HTY

aided in positioning of the ion in the protein; the calcium was parametrized in

the classical force field. To generate the independent trajectories, these structures

were each initialized with random velocities assigned from a Maxwell-Boltzmann

distribution at 5 K.

Two 100 ns N1 tetramer simulations with the AMBER FF99SB116,117 force

field were performed, each with atomic coordinates taken from the holo, open Loop

150 crystal structure (2HU0) and with the calcium inserted from overlap with the

apo 2HTY structure. Calcium-bound simulations used the PMEMD module in

AMBER 10,118 while calcium-free simulations were performed using the Desmond

Molecular Dynamics package developed by D. E. Shaw Research.119 For details

of these simulations, please see the SI Methods section. While there are a few

differences in the specifics of the MD engines used to run the AMBER FF99SB

simulations (SI Methods), the similarity in RMSF (SI Figure S3.1) indicates similar

conformational sampling. AMBER FF99SB trajectories for each monomer of the

tetramer were extracted and concatenated to approximate 400 ns of monomer N1

sampling.

3.2.2 Conformational Analysis

Analysis tools in Visual Molecular Dynamics (VMD)120 were applied for

calculation of root mean squared fluctuation (RMSF) and deviation (RMSD), and

monitoring of torsion, hydrogen bonds, and salt bridge distances. Hydrogen bond

criteria applied a donor-acceptor distance cutoff of 3.5 Å and a 120◦ cutoff for

the donor-hydrogen-acceptor angle. For analysis, structures were extracted every

2 ps for the 40 ns GROMOS96 trajectories and every 10 ps for the 400 ns AMBER
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FF99SB trajectories. These structures were used for the GROMOS RMSD cluster-

ing algorithm,121 applied using the cluster2 program in GROMOS05 software.83 A

rotational and translational fitting was applied to all the Cα carbons, followed by

application of the RMSD clustering to all atoms of 41 residues that comprise the

binding site (residues 117-119, 133-138, 156, 178-179, 196-200, 223-228, 243-247,

276, 277, 292-295, 344-347, 371, 401, 402). This selection is similar to that used

for relaxed complex docking of N1 in Cheng, et al,60 but here we exclude residues

in the highly flexible Loop 150 (residues 147-152) and Loop 430 (430-439) regions

to focus the algorithm on the active site portion near the calcium binding site.

After screening a variety of RMSD cutoff values for cluster generation, using the

total number and diversity of clusters as criteria, a value of 1.5 Å was selected for

the GROMOS96 trajectories, and a value of 1.2 Å for AMBER FF99SB trajec-

tories. The discrepancy in the chosen RMSD cutoff, as well as the varied cluster

populations, can be attributed to the varied potential energy landscapes produced

by the different force fields, as well as the use of multiple, shorter GROMOS96

trajectories and fewer, longer AMBER FF99SB simulations.

3.2.3 Binding Free Energy Calculations with GROMOS96

and AMBER FF99SB force fields

Two different, rigorous binding free energy calculations were employed: in-

dependent trajectory thermodynamic integration (IT-TI)45 with the GROMOS96

force field and free energy perturbation (FEP) with the AMBER FF99SB force

field. In both cases the double decoupling36,37 approach was used, in which the

parameter λ is used to gradually scale the ligand non-bonded potential terms to

zero. Both bound and unbound calculations were performed, to give a ∆G◦protein

from decoupling the bound oseltamivir from N1, and a ∆G◦water from decoupling

of unbound oseltamivir, free in a box of water. Following the thermodynamic cy-

cle involved in double decoupling, ∆G◦protein is subtracted from ∆G◦water to give

∆G◦bind.

The GROMOS0583 software was used for both oseltamivir-bound and un-

bound TI calculations, repeated in independent trajectories (IT-TI).45 For each
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λ, the derivative of the non-bonded ligand potential ∂U
∂λ

was computed every 50

time steps and averaged to approximate 〈∂U
∂λ
〉λ, which is integrated to give the free

energy:

∆Ḡ =

∑N
i=1

∫ λ1

λ0
dλ〈∂U

∂λ
〉λ

N
(3.1)

where ∆Ḡ corresponds to both ∆Ḡ◦protein and ∆Ḡ◦water. The integral in eq

3.1 was approximated by the trapezoidal rule for each of N=6 independent calcu-

lations. The uncertainty σ√
N

, where σ is the standard deviation of N independent

∆G estimates, was computed for both ∆Ḡ◦protein and ∆Ḡ◦water over the N = 6

independent runs and propagated for ∆Ḡ◦bind (listed in Table 3.3). For each TI

calculation, 26 simulations span the λ range from 0 (ligand coupled) to 1 (ligand

decoupled), in 0.04 intervals. For the bound state decoupling, a 500 ps equilibra-

tion period preceded a 500 ps sampling period, from which ∂U
∂λ

data were recorded;

the unbound decoupling calculations involved 400 ps for both equilibration and

sampling periods per λ simulation. To maintain a defined bound state during de-

coupling of oseltamivir from N1, a 0.6 kcal·mol−1Å−2 harmonic restraint constant

was applied to a ring atom of oseltamivir. The limited volume V pocket sampled by

the ligand during calculation of ∆Gprotein is corrected for the standard state37,45

as +RTln(C◦V pocket); here this correction was -5.5 kcal·mol−1. Soft core interac-

tion potentials78 (sLJ = 0.5 and sC = 0.5) were used for ligand atoms to avoid

end point singularities. Both columbic and van der Waals non-bonded forces were

decoupled simultaneously throughout all simulations at different λ values.

For the bound state, N = 6 in eq. 3.1 for each decoupling from the ion-

bound complex and ion-free complex. Each set of six calculations for the complexes

employed different starting structures that capture diverse conformations of Loop

150; three calculations were initialized from a closed Loop 150 N1 conformation,

and three were initialized from an open Loop 150 conformation. These starting

structures were extracted from the independent (non-alchemical) MD trajectories

described in section 3.2.1, after 1 ns of equilibration. Six independent oseltamivir-

unbound TI calculations decoupled oseltamivir from a 37 x 37 x 37 Å3 box of SPC

water. To examine the advantage of using shorter, independent trajectories in IT-
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TI over using a single, long trajectory for a single TI estimate, one run for each set

of bound state TI calculations was selected for extension of equilibration and sam-

pling times (1 ns equilibration and 3.8 ns sampling per λ), for an 85.8 ns increase

in total sampling time for the calculation. We compare the free energy result from

the extended simulations, the original result from shorter simulations, and the IT-

TI estimate from multiple independent short simulations. For the ion-bound state,

we can compare these results to the ∆Gexp, derived from the experimental Ki.
65

The single extended ∆G◦protein differed from that of the original short calculation

result by < 4%; however, the associated ∆G◦bind was +3.3 kcal·mol−1 less favorable

than ∆Gexp. This discrepancy is larger than that for the IT-TI ∆Ḡ◦bind, which is off

the target value by +1.3 kcal·mol−1 (Table 3.3). The extended, single estimate for

the ion-free complex was also significantly more unfavorable than the IT-TI value.

This indicates that these extended simulations were unable to overcome sampling

barriers to generate a complete ensemble average 〈∂U
∂λ
〉. Using IT-TI to average

multiple TI calculations initialized from diverse conformations improves sampling

and can result in a more correct ∆G◦bind.
45,75,76

Free energy calculations with the AMBER FF99SB force field were also

performed in Desmond119 using FEP.39 For both the decoupling of unbound os-

eltamivir (to calculate ∆G◦water) and bound oseltamivir (for ∆G◦protein), 21 λ sim-

ulations were utilized, 11 for decoupling the columbic interactions (with full van

der Waals interactions), and 10 with the removal of van der Waals interactions

(with no electrostatics). A soft core potential was utilized with α = 0.5. Decou-

pling of unbound oseltamivir in water was performed on a system of the ligand

in a 24 x 28 x 29 Å3 TIP3P water box with 250 ps of equilibration followed by

1 ns of sampling in each λ simulation. Bound oseltamivir decoupling calculations

were performed on the tetrameric complex (from 2HU0, described above) with

all four ligand molecules simultaneously to gain an average free energy from N=4

decoupling events (eq 3.1). In contrast to IT-TI, fewer calculations with longer

simulation times were used. Following 5 ns of equilibration of the starting struc-

ture, each λ simulation was individually equilibrated for 1 ns and then sampled

for 2 ns. Three sets of protein-ligand calculations were performed, two with the
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protein coordinates from the 2HU0 crystal structure (one with the bound calcium

and one without) and another without calcium and initiated from a structure from

clustering analysis in which Y347 is flipped out of the pocket (see section 3.35).

Work functions were post-processed with the Multistate Bennett Acceptance Ratio

(MBAR).41 Energies were decorrelated based on their statistical inefficiencies to

compute analytic errors developed in the MBAR implementation, here represented

by σ and calculated with code made publicly available by Shirts and Chodera†.The

free energy of decoupling the four ligands from the N1 tetramer was divided by

four to obtain an average binding free energy to the N1 monomer, with a standard

error σ√
N

calculated using N=4. Note that for the FEP free energy uncertainty,

the σ is computed differently from the IT-TI σ, because multiple independent free

energy estimates were not directly computed.

3.3 Results and Discussion

3.3.1 RMSF

The structure of the N1 calcium binding site includes close ion contacts with

the backbone carbonyls of D293, N294, G297, G345, A346, Y347, and the carboxyl

groups of both D293 and D324, with similar interactions observed in group 1 and

2 crystal structures.54,64,102,103,108 Therefore, removal of the ion can be expected

to destabilize these residues and the loops on which they are located, leading to

increased fluctuation. Both GROMOS96 and AMBER FF99SB ion-bound MD

simulations were checked for similar RMSF per residue Cα (SI Figure S3.1), and

plots of the difference in ion-free and ion-bound simulation RMSF in Figure 3.1

reveal changes in backbone RMSF for these regions. Both AMBER FF99SB and

GROMOS96 simulations indicate increased fluctuation near the calcium-contacting

residues (see peaks near asterisks in Figure 3.1, with some of the peaks correspond-

ing to residues very close to the active site.

Significantly flexibility is observed for Loop 150, Loop 430, and portions

of a long disordered loop (residues 329 to 345) surrounding the calcium binding

†http://simtk.org/home/pymbar
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Figure 3.1: Cα RMSF differences for ion-free and ion-bound simulations. GRO-
MOS96 (grey) and AMBER FF99SB (black) ion-bound RMSF is subtracted from
the ion-free simulation RMSF. Asterisks indicate residues that contact the calcium
ion in the 2HU0 structure.

site. RMSF changes are color-mapped onto the N1 monomer structure in Figure

3.2, for an overall view of where the changes plotted in Figure 3.1 occur in the

protein. Loop 150 and 430 (also labeled in Figure 3.1) have changes in flexibility

that are inconsistent with comparison of the GROMOS96 and AMBER FF99SB

simulations.

3.3.2 Y347 Torsion

Of all residues with increased mobility in the N1 ion-free simulations with

oseltamivir, Y347 has the most direct impact on ligand binding. The Y347 back-

bone carbonyl coordinates calcium in the N1 crystal structures,54,64 stabilizing

the residue for interaction with the conserved ligand carboxyl group (Figure 3.2).

In the ion-free simulations, with the loss of its stabilizing backbone contact with

calcium, Y347 increases sampling of out conformations (see cyan and yellow con-

formations in Figure 3.3 a). To quantify the change in sampling of this residue,

we monitored the tyrosine χ1 torsion to construct histograms in Figure 3.3 b for

the ion-bound (solid lines) and ion-free simulations (dashed lines). Torsions within

the range 30 to 105◦ designate conformations that direct the side chain into the

active site for hydrogen bonding to the ligand (in conformation), while other tor-

sion ranges correspond to conformations flipped out of the pocket and inaccessible
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Figure 3.2: Changes in RMSF per residue Cα represented in B factor coloring
onto the 2HU0 N1-oseltamivir crystal structure with bound calcium (green) for
(a) GROMOS96 and (b) AMBER FF99SB simulations. Red indicates reduced
fluctuations in the ion-free simulations, and blue indicates increased fluctuations
in the ion-free simulations. Only changes in fluctuation of > 0.5 Å are colored,
with the color shade deepened in intervals of 0.25 Å in the range -1.5 (red) to
+1.5 (blue) Å.

to the ligand (out conformation).

Integration of the curves in Figure 3.3 b allows for estimation of the total

time spent in the out Y347 conformations, while tracking the torsion time series

indicates how often transitions occur (SI Figure S3.2). In the ion-free simulations,

the destabilized Y347 flips out of the pocket for 54% of the total GROMOS96 sim-

ulation time, and for 29% of the entire AMBER FF99SB simulation. Examination

of each 100 ns monomer AMBER FF99SB trajectory reveals an initial flip after 5

ns in the chain B simulation, but no flip is seen before 13, 28, and 58 ns for chains

A, C, and D respectively (see SI Figure S3.2). Five of the ten, 4 ns GROMOS96

ion-free simulations were initialized in a Y347 out conformation, four of which do

not visit the in conformation. Those initialized with the in Y347 conformation

flipped within 1.4 ns, while one run remained unflipped throughout 4 ns (SI Fig-

ure S3.2). Thus, while the varied AMBER FF99SB and GROMOS96 simulation

lengths prohibit a direct comparison of duration for the Y347 flipped conformation,

the GROMOS96 simulations seem to allow more facile Y347 flipping than do the
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Figure 3.3: Y347 sampling in the N1 active site. (a) The N1 monomer in complex
with oseltamivir (grey) and with bound calcium (grey), as well as the Y347 in
conformation (pink) and two representative out conformations (yellow, cyan). (b)
Normalized probability distributions for the Y347 χ1 side chain torsion plotted for
ion-bound AMBER FF99SB (black, solid lines) and GROMOS96 (red, solid lines)
simulations, compared to the corresponding distributions for ion-free simulations
(dashed lines).

AMBER FF99SB simulations.

The in, ligand-accessible conformation is dominant in the ion-bound simula-

tions, with the out conformation occurring for only 20% and 4% of the GROMOS96

and AMBER FF99SB simulations, respectively. We note that not all conforma-

tions in the in torsion range result in hydrogen bond formation, but the Y347

phenol is directed toward the ligand carboxyl for potential interaction.

3.3.3 Hydrogen Bonds

The increased sampling of Y347 out conformations in the ion-free simula-

tions reduces the availability of this residue for hydrogen bonding to oseltamivir.

Hydrogen bond analysis using geometric criteria (see Methods) reveals an overall

reduction in the occurrence of hydrogen bonds formed between the protein and

ligand for the ion-free simulations (Table 3.1). Y347 hydrogen bond occurrence

is reduced by 27% in the GROMOS96 ion-free simulations and by 14% in the

AMBER FF99SB ion-free simulations.
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Table 3.1: Change in % occurrence of N1-oseltamivir hydrogen bonds in ion-free
simulations relative to ion-bound simulations.

ligand moiety carboxyl ammonium acetamide

R118 R292 R371 Y347 E119 E227 E277 E227 E277

AMBER FF99SB +6 -13 -13 -14 -30 nonea none none none

GROMOS96 -8 -40 -21 -27 -18 -49 -35 -16 -3
a indicates no hydrogen bond observed to meet criteria described in Methods.

Calcium removal affects the stability of other key binding site residues as

well, resulting in reduced occurrence of hydrogen bonds to the ligand. The argi-

nine triad, an important neuraminidase binding motif that includes R118, R292,

and R371, interacts with the carboxyl of most N1 ligands.54 A large loss of ligand

hydrogen bonds to R292 and R371 is observed in the ion-free GROMOS96 simula-

tions, and less severe but significant reductions are also observed for these residues

in the AMBER FF99SB ion-free simulations. In the AMBER FF99SB simulations

of both complexes, R118 only very weakly meets hydrogen bonding criteria for the

ligand.

With further comparison of changes in hydrogen bond occurrence, differ-

ences in conformational sampling become evident for the simulations with two

different force fields. A significant reduction in hydrogen bond occurrence be-

tween the oseltamivir ammonium and the E119 carboxyl group is observed for

both force fields, but the GROMOS96 simulations favor interactions of the lig-

and ammonium with E227 and E277; in the AMBER FF99SB simulations this

ligand moiety is consistently oriented toward E119. Hydrogen bonds to residues

on the flexible Loop 150 are also sampled differently in the AMBER FF99SB and

GROMOS96 simulations (SI Table S3.1). This inconsistency is also reflected in

the RMSF changes in Figure 3.1, and, in addition to force field differences, could

be due to the different MD protocols used for GROMOS96 and AMBER FF99SB

simulations, as each monomer of the AMBER FF99SB simulation was initialized

in the same open Loop 150 conformation, but allowed to run for much longer pe-

riods compared to the GROMOS96 simulations (see Methods). In the AMBER

FF99SB ion-free simulation, ligand hydrogen bonds to Loop 150 residues D151 and

R152 are significantly reduced (SI Table S3.1) and Loop 150 is observed to sample

primarily open states (SI Figure S3.3).
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The protein-ligand interactions described in Table 3.1 are also largely elec-

trostatic; monitoring changes in the distance between the centers of mass for these

reacting moieties (SI Figure S3.4 a-d) confirm the breaking of salt bridges and

corroborate the hydrogen bonding data.

3.3.4 Clustering and Structural Changes

RMSD clustering reduces the ion-bound and ion-free simulation structural

data to a set of representative conformations for analysis. Clusters that together

capture at least 85% of the total simulation ensemble are listed in Table 3.2, with

the conformation of Y347 indicated. The varied cluster populations in Table 3.2

also highlight differences in the AMBER FF99SB and GROMOS96 simulations.

The cutoffs were chosen in order to balance resolution of unique clusters with

reduction of the simulation data to a manageable number of representative con-

formations. The higher selected cutoff for the GROMOS96 simulations as well

as the increased total number of clusters show that both ion-bound and ion-free

GROMOS96 simulations allow more fluctuations and increased heterogeneity in

sampling of conformational space; this was also indicated by higher dimension-

ality for GROMOS96 essential dynamics found in a broad force field comparison

study.122 The difference in sampling could also be attributed to the fact that the

GROMOS96 simulations, which consist of ten 4 ns trajectories, may benefit from

increased conformational space access due to use of multiple, shorter trajecto-

ries,123,124 as opposed to the AMBER FF99SB simulations, which consist of fewer

(four), longer (100 ns) trajectories.

Structural differences in ion-bound and ion-free simulations observed by

comparison of cluster central members for the different force fields largely cor-

respond to sampling differences observed in hydrogen bonding data (Table 3.1)

and RMSF changes (Figure 3.1, 3.2). However, both AMBER FF99SB and GRO-

MOS96 ion-free clusters indicate changes in position of Y347 and N294, which

have backbone carbonyls directed toward the calcium and have side chains that

extend into the active site (Figure 3.4 a and c). Other common differences oc-

cur on a solvent exposed loop near the rim of the binding site, in the 247-249
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Table 3.2: Summary of cluster populations for ion-bound and ion-free simulations
for both GROMOS96 and AMBER FF99SB force fields.

GROMOS96 AMBER FF99SB

ion no ion ion no ion

cluster* % ensemble Y347 % ensemble Y347 % ensemble Y347 % ensemble Y347

1 24 in 39 out 93 in 50 in

2 12 in 11 in 18 out

3 9 in 10 in 15 out

4 8 out 9 out 13 out

5 8 in 9 in

6 8 in 9 out

7 8 out 8 out

8 7 out

*clusters listed combine to represent at least 85% of the total ensemble of configurations

from the simulation

region and residues near Y347 in 343-345 (Figure 3.2). Figure 3.4 gives examples

of conformational changes represented in the ion-free GROMOS96 and AMBER

FF99SB clusters, which could be most pertinent for accuracy of docking or other

computational free energy methods.

Destabilization of N294 due to its lost backbone contact to the calcium

enables the N294 polar side chain to shift closer into the hydrophobic sub-pocket58

that accepts the oseltamivir aliphatic tail (Figure 3.4 a and b). This shift is

further revealed by tracking the proximity of the N294 side chain to the oseltamivir

aliphatic tail throughout all simulations (SI Figure S3.4 e and f). Instability of this

residue, as well as Y347, has been proposed as the source of resistance to oseltamivir

conferred by the N294S mutation in N1.64 In the GROMOS96 simulations, changes

in R292 and E276 conformations also bring these highly polar residues closer to

the hydrohobic tail of oseltamivir (SI Figure S3.4 e).

Another significant conformational change is observed in cluster four for

the GROMOS96 ion-free simulation. Here, Y347 is flipped out of the pocket, and

the nearby residue R292 retreats away from its electrostatic interaction with the

oseltamivir carboxyl to interact with flanking glutamates E276 and E277 (Figure

3.4 c and d). This perturbed R292 conformation is also observed in a calcium

deficient crystal structure of N9 neuraminidase.108 In the AMBER FF99SB ion-

free simulations, interaction with oseltamivir and R292 is weakened (Table 3.1),

but this conformational change is not observed.
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Figure 3.4: Binding pose comparison for ion-bound and ion-free simulations. The
disturbed hydrophobic sub-pocket structure is illustrated with surface representa-
tion in by comparing (a) and (b), and the retreated R292 conformation is observed
by comparing (c) and (d). Oseltamivir is shown in dark grey for all panels, with
residues from the top cluster of the GROMOS96 ion-bound simulation (pink) in
panels (a) and (c), from the cluster four of the AMBER FF99SB ion-free simula-
tion (yellow) in panel (b), and from the cluster two of the GROMOS96 ion-free
simulation (cyan) in panel (d).

3.3.5 Binding Free Energies

To quantify the impact of the observed changes in dynamics of the N1-

oseltamivir complex in absence of calcium, parallel free energy calculations were

performed: free energy perturbation (FEP) with the AMBER FF99SB force field,

post-processed with the MBAR method, and IT-TI with the GROMOS96 force

field.

For comparison to the ion-bound FEP results (Table 3.3) and to investi-

gate the contribution of Y347 to the binding free energy, two sets of free energy

calculations for the ion-free tetramer were carried out. The first calculation was

initialized from a calcium-free structure selected after 5 ns of equilibration. During
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this equilibration period, Y347 had not yet flipped out of the pocket for three of

the four monomers (see SI Figure S3.2) and monitoring of the torsion through-

out this calculation indicated 17% occurrence of the out Y347 state, compared

to 6% in the calcium-bound simulation (black solid vs. black dashed in Figure

3.5). Here, the free energy difference for the ion-bound and ion-free complexes is

very small (Table 3.3), which suggests that the AMBER FF99SB force field con-

fers stability to other binding site residues and preserves an effective binding pose

with oseltamivir. However, when cluster two (Table 3.2) of the AMBER FF99SB

ion-free MD simulations was selected as starting structure for each monomer in a

second tetramer calculation, simulation time spent in the Y347 out conformation

increased to 76% (green dashed line, Figure 3.5). This increased destabilization of

the active site framework gives more impact on the free energy of binding, with

a +2.7 kcal·mol−1 reduced favorability in ∆∆Ḡbind (Table 3.3). In addition to

demonstrating the importance of Y347 for N1 oseltamivir binding, the change in

free energy results also underscores the influence of starting structure on sampling

in free energy calculations and the difficulty in achieving complete sampling using

traditional MD methods.

Figure 3.5: Y347 torsion changes during free energy calculations for the AMBER
FF99SB ion-bound calculation (black, solid lines), AMBER FF99SB ion-free calcu-
lation with Y347 in starting structure (black, dashed) and with Y347 out starting
structure (green, dashed); Also shown are GROMOS96 ion-bound simulations (red,
solid lines) and GROMOS96 ion-free simulations (red, dashed).

Each IT-TI estimate, performed with the GROMOS96 force field, is an
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average of six monomer calculations, initiated by structures that capture diverse

conformations of Loop 150, as well as varied conformations of Y347. For the ion-

free complex, three of the starting structures include a Y347 out conformation,

and the population of this conformation increases from 13% to 20% in the ion-free

calculations (Figure 3.5). This population shift is not as significant as seen for

the GROMOS96 MD (Figure 3.3), due to the shorter timescale of the sampling

in each TI λ window and fewer independent trajectories (6 for IT-TI, 10 for the

MD). Nonetheless, the calcium-free ∆Ḡbind is +4.6 kcal· mol−1 less favorable than

the ion-bound free energy value (Table 3.3). Structural evidence for the larger

impact of the calcium presence on the GROMOS96 free energy compared to the

AMBER FF99SB results may be found in the analysis of the GROMOS96 MD as

reported in previous sections, including more pronounced disruptions of the active

site framework, a more significantly perturbed binding pose, and overall more

flexibility. However, the results for the two force fields lie within one standard

deviation of the mean σ√
N

of each other.

Table 3.3: Ion-bound and ion-free N1 binding free energies for oseltamivir
(kcal·mol−1)

ion-bound ion-free

∆Ḡbind
σ√
N

a ∆Ḡbind
σ√
N

a

AMBER FF99SB with Y347 in -14.5 1.5 -14.3 0.7

AMBER FF99SB with Y347 out -11.8 1.3

GROMOS96 -15.0 2.1 -10.4 1.2

experimentb -13.7 0.2 n/a

a N=4 for AMBER calculations and N=6 for GROMOS calculations

(see Methods)

b derived from the N1-oseltamivir Ki value in Kati, et al.65

The free energy results, listed in Table 3.3, are a close match to each other

and reflect a very high, nanomolar binding affinity. From a survey of neuraminidase

activity assays in the literature62,63,66,67,80,125–131 the average IC50 value for os-

eltamivir binding to N1 is ∼0.2 nM. In Table 3.3, we compare the calculated
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results with a free energy value derived from the N1-oseltamivir Ki in a kinetic

study by Kati, et al.65 For the free energy results with both force fields, this value

lies within one standard deviation of the mean σ√
N

. Because all binding assays in

the literature include calcium salts in the activity buffer, we lack a direct experi-

mental comparison for the ion-free results, but the reduced favorability, seen in the

GROMOS free energy results and the AMBER results for predominantly out Y347

conformations (Table 3.3), corresponds to an increase in Ki by approximately 2

orders of magnitude (from ∆Gbind = +RT lnKi).

The free energy calculations, considered with the structural changes ob-

served in the MD simulations, implicate calcium as an important factor in main-

taining an effective N1 active site framework, particularly through stabilization of

Y347. The in conformation of this residue seems to clamp the ligand into a favor-

able binding pose, which includes consistent interactions with R292 and the rest

of the arginine triad, as well as orientation of oseltamivir such that its branched

aliphatic chain is directed to a nearby hydrophobic sub-pocket. The sensitivity of

neuraminidase binding affinity to changes in this region of the active site is also evi-

denced by the oseltamivir-resistant mutations of structurally neighboring residues:

R292K (N2), N294S (N1), and H274Y (N1).64 Y347 has been suggested54 to pre-

vent oseltamivir resistance to the R292K mutation in most N1 strains by providing

extra stability to the binding pose, as is observed in our simulations and supported

by free energy calculations. However, Y347 is mutated to an asparagine in the N1

protein of both the 1918 epidemic influenza strain and an examined 2009 swine flu

strain,113 which could allow susceptibility for resistance mutations.

3.4 Conclusion

Consistent structural changes observed in simulations with two different

force fields give reinforced evidence for the structural role of calcium in stabiliza-

tion of the N1 active site. Free energy results calculated using different methods

and force fields agree closely with each other and with experiments to indicate

a contribution of 3 to 5 kcal·mol−1 to the binding free energy, or two orders of
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magnitude in Ki. The methods in this study also utilized multiple, independent

simulations, initiated from diverse starting structures, in an effort to enhance MD

conformational sampling of the protein-ligand system and obtain more accurate

and reliable free energy results. Even on timescales as short as 1 ns (GROMOS96

TI), absence of the calcium causes disruption of the active site, particularly in

the flipping out of Y347, and perturbation of the oseltamivir ligand binding pose.

Integrity of the active site is essential for structural analysis and modeling of the

N1-drug interface, often employed in rational drug design. We emphasize the im-

portance of the calcium for maintenance of this integrity and urge that it should

not be excluded in N1 active site studies, particularly for structures used in dock-

ing and other computational methods. For the challenges of emerging resistance

mutations in N1, which have so far occurred in the region of the active site near

the bound calcium, noting the importance of framework residues in this area could

also guide design of new, robust inhibitors.
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Supplemental Information

Supporting Tables

Table S3.1: % Change in N1-oseltamivir hydrogen bonds in ion-free simulations.
R118a R292a R371a Y347a E119b E227b E227c E277b E277c

AMBER FF99SB +6 -13 -13 -14 -30 n/a n/a n/a n/a

GROMOS96 -8 -40 -21 -27 -18 -49 -16 -35 -3

Y406a D151b R152c R144c

AMBER FF99SB +3 -67 -48 n/a

GROMOS96 -4 +37 +33 -12
a hydrogen bond to ligand carboxyl group
b hydrogen bond to ligand ammonium group
c hydrogen bond to ligand acetamide group
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Supporting Figures

Figure S3.1: RMSF per residue Cα for AMBER FF99SB (black) and GRO-
MOS96 (red) ion-bound (solid lines) and ion-free (dashed lines) simulations

Figure S3.2: Time series of Y347 χ1 torsion. Torsion is monitored over four,
100 ns concatenated monomer AMBER FF99SB simulations (black) and ten, 4
ns concatenated GROMOS96 monomer simulations (red) of calcium-bound (a, b)
and calcium-free (c, d) N1-oseltamivir complexes.
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Figure S3.3: RMSD of Loop 150 (residues 147-152) backbone atoms from open
(PDB ID:2HU0, red) and closed (PDB ID:2HU4, black) reference crystal struc-
tures, during calcium-bound (a, b) and calcium-free (c, d) GROMOS96 and AM-
BER FF99SB simulations.

Figure S3.4: Distance distributions for N1-OVR reactive moieties. Distances
between the centers of mass for the following moieties are monitored: a,b) R118
(cyan), R292 (blue), R371 (turquoise) guanidinium group and OVR carboxyl; c,d)
E119 (red), E227 (orange), E277 (pink) and the OVR ammonium; e,f) N294 car-
boxamide (green), E276 carboxyl (red), and R224 (blue) guanidinium groups and
the OVR aliphatic tail. All solid lines denote data from ion-bound simulations,
while dashed lines are from ion-free simulations.
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Supporting Methods

Both calcium-bound and calcium-free N1 monomer simulations were per-

formed using the GROMOS05 software for biomolecular simulation83 and the

GROMOS96 force field (45A3 parameter set).71 Parameters for oseltamivir were

derived from existing building blocks18 (Table S2). Amino acid charges were de-

fined to reproduce an apparent pH 7. The systems were solvated in boxes of SPC

water molecules, with a 12 Å barrier to the periodic boundary of the cube, and

neutralized with sodium ions. For the ion-bound simulations, the calcium was

parametrized in the classical force field, with all ion parameters taken from those

developed by Åqvist.132

After 2,000 steps of steepest descent energy minimization, the system was

then brought to the reference temperature of 300 K in six consecutive 25 ps MD pe-

riods (50 K increments), gradually removing a harmonic restraining potential with

an initial force constant of 24 kcal· mol−1·Å−2 in increments of 4 kcal·mol−1·Å−2.

Free equilibration was then carried out in the NPT ensemble (reference pressure

1 atm) by separately coupling the temperature of solute and solvent degrees of

freedom to a 300 K heat bath26 (relaxation time 0.1 ps) and by coupling the

pressure (estimated based on an atomic virial) to a pressure bath26 via isotropic

coordinate scaling (relaxation time 0.5 ps). A 2 fs integration time step was used,

and the SHAKE algorithm88 was applied to constrain hydrogen containing bonds.

Non-bonded interactions were re-calculated every time step in the range 0 to 8

Å and every five time steps in the range 8 to 14 Å, with truncation of these

interactions at 14 Å. A reaction-field correction was applied to account for the ne-

glected interactions beyond 14 Å,89 using a relative dielectric permittivity of 6190

for the SPC water model. A fast grid-based pairlist-construction algorithm91 for

non-bonded interactions was employed (cell-mask edge of 4 Å), as implemented in

the GROMOS05 MD++ module.83

Calcium-bound N1 tetramer simulations were performed with the PMEMD

module in AMBER 10118 and the AMBER FF99SB force field.117 Atomic coor-

dinates were taken from the holo, open Loop 150 crystal structure (2HU0), with

the calcium inserted from overlap with the apo 2HTY structure and parameterized
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in the classical force field. Protonation states for histidines and other titratable

groups were determined at pH 6.5 by the PDB2PQR133 web server and manually

verified. The tetrameric 2HU0 crystal structure has a single oseltamivir molecule

bound in the active site of chain B. In order to introduce the oseltamivir within

each of the other chains, chain B was aligned to chain A, C, and D using VMD120

and the resulting transformation matrix was applied to the oseltamivir molecule.

Oseltamivir was parameterized according to quantum chemical calculations, which

included performing a geometry optimization with Gaussian03134 at the Hartree-

Fock/6-31G* level. The resulting atomic partial charges were then determined

according to the RESP method,135 and the atom types were assigned by the An-

techamber module of AMBERTools 1.2. The GAFF136 force field within AMBER

was employed to generate the bond, angle, and dihedral parameters. As no water

molecules were reported in the 2HU0 structure, we structurally aligned the 2HTY

and 2HU0 systems and kept all crystallographic water molecules that did not clash

with oseltamivir in the binding pocket. The system was built using the AMBER9

program Leap and the Amber FF99SB force field. Each monomer chain contained

8 disulfide bonds, which were properly enforced using the CYX notation in AM-

BER. A box of TIP3P21 waters was added to solvate each system, resulting in a

rectangular box of dimensions 124 x 127 x 77 Å3. The system was neutralized with

the addition of sodium counter ions and a 150 mM NaCl salt bath was introduced.

The constructed N1 ion-bound tetramer complex was first subjected to 2000

steps of steepest descent, followed by 5000 steps of conjugate gradient minimization

using 5 kcal·mol−1· Å−2 harmonic restraints on all non-hydrogen protein atoms.

Then, 5000 steps of conjugate gradient minimization with just the backbone atoms

restrained cleaned up the initial hydrogenated complex. A further 25,000 conjugate

gradient minimization steps were then performed on the entire complex, without

restraints, in order to alleviate any steric clashes prior to performing molecular

dynamics. Following minimization, the system was linearly heated to 310 K in the

NVT ensemble using a Langevin thermostat, with a collision frequency of 1.0 ps−1,

and harmonic restraints of 4 kcal·mol−1· Å−2 on the backbone atoms. Further,

three 250 ps periods were run in the NPT ensemble with the restraint force constant
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being reduced by 1 kcal·mol−1· Å−2 each time. A final 250 ps of NPT dynamics was

run without restraints. Production runs were then made for 100 ns duration in the

NVT ensemble; temperature was controlled with a Langevin thermostat (1.0 ps−1

collision frequency), and pressure was controlled using a Berendsen Barostat26 with

a coupling constant of 1 ps and a target pressure of 1 atm. The time step used was

2 fs and all hydrogen atoms were constrained using the SHAKE algorithm.88 Long

range electrostatics were included using the Particle Mesh Ewald algorithm137 with

a 4th order B-spline interpolation and a grid spacing of < 1.0 Å and a direct space

cutoff of 8 Å. The trajectories for each monomer of the tetramer were extracted

and concatenated to approximate 400 ns of monomer N1 sampling.

The ion-free tetramer system was simulated with atomic coordinates and

parameters identical to that described above for the AMBER 10 simulations, ex-

cept for calcium presence, and using the AMBER FF99SB force field and the

Desmond MD engine developed by D. E. Shaw Research.119 The Maestro model-

ing suite was utilized for system construction in an 128 x 130 x 80 Å3 orthorhombic

box, for a minimum distance of 12 Å between protein heavy atoms and box edges.

Sodium and chloride ions were added to neutralize the system charge and create

an approximately 150 mM NaCl solution, as in the AMBER 10 simulation. Fol-

lowing 10,000 steps of steepest-decent minimization, the systems were equilibrated

with restraints of 10 kcal· mol−1·Å−2 for 50 ps followed by 200 ps in which the

restraints were continuously and slowly removed; then, unrestrained molecular dy-

namics were performed for 99.75 ns. Numerical integration was performed with a

2 fs timestep while utilizing the M-SHAKE algorithm for constraining hydrogen

containing bonds.138 Short range interactions were truncated at 12 Å, while long

range electrostatics were calculated via Particle-Mesh Ewald137 with a 6th order

B-spline used for interpolation and grid spacing < 1 Å in each dimension. Con-

stant pressure and temperature were maintained with Berendsen temperature and

pressure control26 with a reference temperature and pressure of 300 K and 1 atm.



Chapter 4

Effects of Biomolecular Flexibility

on Alchemical Calculations of

Absolute Binding Free Energies

Abstract

The independent trajectory thermodynamic integration (IT-TI) approach

(Lawrenz et. al J. Chem. Theory. Comput. 2009, 5:1106-111645) for free energy

calculations with distributed computing is employed to study two distinct cases of

protein-ligand binding: first, the influenza surface protein N1 neuraminidase bound

to the inhibitor oseltamivir, and second, the M. tuberculosis enzyme RmlC com-

plexed with the molecule CID 77074. For both systems, finite molecular dynamics

(MD) sampling and varied molecular flexibility give rise to IT-TI free energy dis-

tributions that are remarkably centered on the target experimental values, with a

spread directly related to protein, ligand, and solvent dynamics. Using over 2 µs of

total MD simulation, alternative protocols for the practical, general implementa-

tion of IT-TI are investigated, including the optimal use of distributed computing,

the total number of alchemical intermediates, and the procedure to perturb elec-

trostatics and van der Waals interactions. A protocol that maximizes predictive

power and computational efficiency is proposed. IT-TI outperforms traditional TI

71
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predictions and allows a straightforward evaluation of the reliability of free energy

estimates. Our study has broad implications for the use of distributed computing

in free energy calculations of macromolecular systems.

4.1 Introduction

Alchemical free energy methods often employ Molecular Dynamics (MD)

simulations of unphysical intermediate microstates in order to calculate the free

energy difference between two physically relevant canonical ensembles. Examples

are the relative binding free energy difference between different ligands to a recep-

tor, or the free energy change upon transferral of a ligand and protein from the

unbound to the bound state. The latter is often referred to as the absolute bind-

ing free energy described by the thermodynamic cycle in Figure 4.1.33,38,50,72,139–141

Although MD-based free energy calculations rely on rigorous statistical mechanics

principles,33,36,50,142 their practical application is still challenging for systems with

numerous degrees of freedom. MD sampling may be trapped in confined regions

of conformational space due to the frustrated nature of protein and ligand energy

landscapes, thus leading to insufficient statistics.

Figure 4.1: Thermodynamic cycle underlying alchemical absolute binding free
energy calculations.

The use of independent MD simulations recently proved to be an appeal-

ing strategy to alleviate this issue, particularly with the rapid and steady increase

of computational power in the form of multiple CPU and GPU clusters. This

approach was applied to a number of systems in different flavors. Fujitani et al.

employed multiple free energy perturbation (FEP) calculations to estimate abso-

lute free energies of FKBP ligand binding.76 Zagrovic et al. used multiple one-step

perturbation runs to calculate relative free energies of PDE5 ligand binding.75 In
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Mobley et al. and Boyce et al, multiple FEP calculations for different docked ligand

binding poses were used to predict relative and absolute binding free energies for

ligands to engineered binding sites of T4 Lysozyme.47,48 Lawrenz et al. employed

independent trajectory thermodynamic integration (IT-TI) to obtain accurate ab-

solute free energies for peramivir binding to N1 neuraminidase, as well as relative

binding free energies of alchemically modified compounds.45 The latter study also

emphasized the importance of solvent effects in this context. Accurate free energies

are needed for all states of the thermodynamic cycle of interest (see Figure 4.1) to

achieve high predictive power, as realized since the pioneering applications of al-

chemical approaches.139,140,143,144 Here, we use IT-TI to compute absolute binding

free energies for two ligands to two protein drug targets with different active site

structural and chemical properties.

First, we consider the influenza surface protein N1 neuraminidase binding

to oseltamivir.54 N1 neuraminidase facilitates viral shedding from infected cells

and is a key target for treatment of pandemic flu. The N1 active site is composed

of flexible loops45,59 and is highly solvent exposed (see Figure 4.2 a, c). The lig-

and oseltamivir has zero net charge, but contains one ammonium group and one

carboxyl group (Figure 4.2 e); the latter forms salt bridges with the arginine triad

binding motif (R118, R292, and R371 in Figure 4.2 c).54 Electrostatic interactions

have been characterized as the dominant contribution to ligand binding.45,145 Os-

eltamivir is flexible due to ten non-stericallly-hindered rotatable bonds, including

a branched aliphatic tail that occupies a hydrophobic subpocket.45,58

Second, we study the Mycobacterium tuberculosis enzyme dTDP-6-deoxy-d-

xylo-4-hexopyranosid-4-ulose 3,5-epimerase (RmlC), which is crucial for assembly

of the mycobacterial waxy, impermeable cell wall, and is a viable drug target.146 In

this case, the bound ligand, Compound Identifier (CID) 77074, was a top hit from

virtual screening, followed by experimental validation.146 The RmlC binding site

is organized into β-sheets and is smaller and narrower than that in N1 (compare

Figure 4.2 a, c and b, d). Aromatic residues Y138, F26, and H119 stack against the

ligand aromatic rings (see Figure 4.2 d). The ligand itself contains seven rotatable

bonds (Figure 4.2 f), with limited flexibility due to the presence of two bulky ring
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Figure 4.2: Protein-ligand structures of the investigated systems. Overall view
of the N1 monomer (a) and RmlC dimer (b) structures are shown, with the RmlC
monomers in (b) colored to highlight the interface. The active site residues of
the two proteins are labeled for N1 in (c) and for RmlC in (d). Ligand chemical
structures are depicted for the N1 ligand oseltamivir (e) and the RmlC inhibitor
77074 (f), the latter with the restrained atom (see Methods) highlighted in red. For
oseltamivir, the center of mass was restrained, not a single atom (see Methods).

groups.

We investigate to which extent protein, ligand, and solvent dynamics in-

fluence the reliability of absolute binding free energies computed with TI. Using

IT-TI, we see that finite sampling and varied molecular flexibility of the two inves-

tigated protein-ligand systems give rise to distributions of free energy estimates.

This observation is in line with previous suggestions for N1 neuraminidase based on

more reduced statistics.45 We show that the features of these distributions - while

remarkably centered around the target experimental values - are linked to protein,

ligand, and solvent dynamic sampling. Additionally, we use statistics from over

2 µs of overall IT-TI simulation time to compare different approaches for optimal

distributed computing and alternative protocols for the practical application of

TI. We suggest a protocol that is optimal for two systems with different dynamic
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properties. Future work will investigate whether this protocol might be optimal

for protein-ligand binding in general.

4.2 Materials and Methods

4.2.1 Molecular Models and Simulations

Initial coordinates were available for N1 bound to the ligand oseltamivir

based on X-ray crystallography experiments (PDBID: 2HU0).54 For RmlC, the

initial coordinates for its complex with CID 77074, or 1-(3-(5-Allyl-5H-[1,2,4]-

triazino-[5, 6-b]indol-3-ylthio)propyl)-1H-benzo[d]imidazol-2(3H)-one, were based

on the unbound X-ray structure (PDBID:2IXC) and an experimentally-verified

computational docking pose.146 A monomer of the natively tetrameric protein N1

was simulated, as in previous studies,45 while the RmlC protein was simulated as

a dimer, for half the N1 simulation time, because its active site spans the interface

between two monomers (see Figure 4.2). Thus, RmlC analyses were performed by

concatenating two monomer trajectories for identical overall sampling times for

each system. See Table 4.1 for a summary of MD sampling periods.

Molecular models were based on the AMBER FF99SB force field117 and

the compatible TIP3P model for water.21 The cubic simulation box contained

N1: 15,126 and RmlC: 24,305 water molecules. Both systems were neutralized

with (N1: 1 or RmlC: 24) Na+ counter-ions with AMBER rescaled parameters

from ref. 132. The importance of a protein-bound Ca2+ ion in N1 ligand bind-

ing was recently highlighted.147 Ligands were parametrized using the Generalized

Amber Force Field (GAFF)136 parameters for angles, bonds, and torsions, and

RESP15 fitting of Gaussian03134 calculated electrostatic potentials at the Hartree-

Fock/6-31G∗ level. All simulations were performed using the NAMD software148

(version 2.7b1). A 2 fs timestep was employed, with hydrogen-containing protein

bonds constrained using RATTLE149 and water geometries constrained using SET-

TLE.150 The Particle Mesh Ewald (PME) approximation151 (1 Å−3 grid density)

was employed for electrostatics. Short-range non-bonded interactions were eval-

uated every 2 fs and long-range electrostatics every 4 fs (non-bonded interaction
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cutoff: 12 Å; switching distance: 10 Å).148 After incremental heating to 300 K, the

system was equilibrated for 2 ns in the N,p,T ensemble with Langevin pressure and

temperature controls24 before each N,V,T independent simulation was initialized

with a random velocity.

4.2.2 Free Energy Calculations

Free energy changes along the thermodynamic cycle in Figure 4.1 were

evaluated using thermodynamic integration (TI) as152

∆F0→1 =

∫ 1

0

dλ〈∂U
∂λ
〉λ (4.1)

where in this study ∆F0→1 is either the ∆F ◦protein or ∆F ◦water standard Hel-

moltz free energy in Figure 4.1 and U is the total potential energy of the system.

The ligand is decoupled from the surrounding environment with the coupling pa-

rameter λ that changes from 0 to 1 to linearly scale all ligand non-bonded potential

energy terms as

U(X;λ) = Uunperturbed(X) + λUdecoupled(X) + (1− λ)Ucoupled(X) (4.2)

where X denotes the overall system configurational space assuming equi-

librium conditions. In all cases the soft-core potential by Zacharias et al. was em-

ployed to enhance sampling and eliminate instabilities (shift parameter δ = 5).77

The ∂U
∂λ

values of eq. 4.1 were printed for each λ every 0.1 ps and their forward cu-

mulative average was monitored to evaluate convergence (generally reached within

equilibration periods of 500 ps). Numerical integration of eq 4.1 was performed

using an interpolated cubic spline.

A harmonic restraining potential U(rL) = 1
2
kh(rL − r0) was applied to re-

strict ligand sampling rL to a finite volume Vpocket within the active site throughout

the TI calculations of ∆F ◦protein. Reasonable kh values were obtained from average

fluctuations of the ligand position (〈δr2〉) during a free 2 ns N,p,T MD run as

kh = 3RT
〈δr2〉 ,

37,45 with R the molar gas constant and T the absolute temperature of

300 K. A kh of 2.9 kcal·mol−1Å−2 was used for restraint of the oseltamivir center
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of mass and kh=0.74 kcal·mol−1Å−2 for restraint of a central atom (highlighted in

Figure 4.2 f) in 77074.

Then, the standard state free energy was taken into account36,142,153 for

∆F ◦protein through an analytical correction for transferral of the ligand from the

restricted volume Vpocket to the bulk V ◦ as

∆F ◦protein =

∫ 1

0

dλ〈∂U
∂λ
〉λ +RT ln(

Vpocket
V ◦

) (4.3)

To reflect protein-ligand binding at a standard ligand concentration of 1

M, V ◦ = 1661 Å3, with T = 300 K. Vpocket was explicitly determined from

multiple MD trajectories using the VMD VolMap plugin.120 This procedure gave

average RT ln(V
pocket

V ◦
) corrections of −1.25 kcal·mol−1 for the N1 system and −1.07

kcal·mol−1 for the RmlC system. We note that the magnitude of such corrections

is significant (up to 10% of the ∆Fbind values for both systems) and should not be

neglected.142,153 For each RmlC calculation, the ∆F ◦protein was halved to obtain an

average value for one active site.

One can obtain IT-TI ∆F ◦bind estimates from all combinations of K inde-

pendent ∆F ◦water estimates and J independent ∆F ◦protein estimates as:

∆F ◦bind,(k,j) = [∆F ◦water,k −∆F ◦protein,j]
k=1...K
j=1...J (4.4)

Here, a total of N = K · J estimates of ∆F ◦bind are generated and binned in

windows of width RT = 0.6 kcal·mol−1. The linear average of the N independent

binding free energy estimates, ∆F̄ ◦bind, is reported throughout the article.

4.2.3 Alternative IT-TI protocols

Alternative approaches for IT-TI distributed computing were investigated

by using more, medium independent simulations or fewer, long independent simula-

tions. Effects of varied user-defined inputs for TI were also explored, as summarized

in Table 4.1. For independent TI calculations, the λ intermediate simulations were

either initialized continuously (cont protocols) or in parallel (parall protocols). In

the first case, simulations at λ=0 started from the configuration (coordinates and
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velocities) from a 2 ns N,p,T equilibrated system; at each increasing λ value, the

end configuration from the previous λ simulation was used. These IT-TI protocols

are less-suited for distributed computing because the MD initialization requires

information from sequential runs, but this approach does allow more equilibrated

starting structures at successive λ values. Instead, for the parall protocols, all

λ simulations were independently initialized from the same N,p,T equilibrated

structure with a random velocity. This approach is well suited for distributed

computing, because the MD initialization is independent among each λ simula-

tion. Ligand electrostatics and van der Waals interactions were perturbed, as in

eq. 4.2, in three alternative ways (see Table 4.1). First, electrostatic interactions

were decoupled for 0 ≤ λ ≤ 0.5 and van der Waals more slowly for 0 ≤ λ ≤ 1

(simul protocol). Second, the same components were scaled separately, with elec-

trostatic interactions for 0 ≤ λ ≤ 0.5, then van der Waals for 0.5 ≤ λ ≤ 1 (sep

protocol). Third, only the inter-molecular terms were decoupled (inter protocol).

4.2.4 Error Analysis of IT-TI predictions

We evaluated the accuracy and precision of our IT-TI estimates. Accuracy

is described by the match of ∆F̄ ◦bind with respect to a reference experimental value,

here assumed to be characterized by zero uncertainty. Precision is reflected in the

spread of the IT-TI ∆F ◦bind estimates and is described by the standard deviation

σbind. Here σbind has two components, σwater from the ∆F̄ ◦water calculations and

σprotein from the ∆F ◦protein calculations. Accuracy is limited by systematic errors,

which are due to, for example, empirical force field and water models, as well as

numerical approximations in the MD algorithms. Both accuracy and precision is

affected by random errors from finite sampling. We can capture the statistical

uncertainty on the IT-TI ∆F̄ ◦bind due to random errors from N independent calcu-

lations with the standard error δ = σ√
N

, as previously suggested.45 Note that this

metric becomes very small for large N . We computed this uncertainty for the J

estimates of ∆F ◦protein and for K estimates of ∆F ◦water (eq. 4.4) and propagate for

the uncertainty on ∆F̄ ◦bind as δbind =
√

σwater√
K

2 +
σprotein√

J

2
.
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4.2.5 Analysis of Conformational Sampling

MD snapshots were saved every 2 ps for analysis, with all protein backbone

atoms first aligned to a reference structure. Active site residues for both systems

were identified as those within 5 Å of the ligand.

For each system, Principal Component Analysis (PCA)154,155 of protein

fluctuations was performed by calculating the covariance matrix for active site

heavy atoms with GROMACS (version 4.0.4 compiled in double precision),156 us-

ing all λ simulations in all J = 10 long cont/simul/14λ calculations, for 280 ns of

total simulation time (Table 4.1). Then, projections for independent λ simulations

were generated along 20 out of the total 528 principal components (PC) of this

matrix, accounting for 75% of the protein fluctuations. Projections for trajectories

using other IT-TI protocols for a given system are along these same PC for com-

parison, with projections along the four most dominant PC described in detail.

We also project previously performed λ = 0 apo and holo MD simulations onto

these PC for reference, with 400 ns and 10 ns each for apo and holo simulation

with N1 and RmlC, respectively. Details of these N1 simulations have been pre-

viously reported.147 For a fair comparison of the two systems, all projections were

re-weighted as w−1, w being the number of active site atoms (N1: 176; RmlC:

161). For hydration analysis, water-water hydrogen bonds within 5 Å of the lig-

and in the active site were monitored. Hydrogen bonds were defined to have a

maximum hydrogen-acceptor distance of 3.5 Å and a minimum donor-hydrogen-

acceptor angle of 120◦. The software VMD,120 xmgrace, as well as python scripts

based on matplotlib and NumPy libraries were used for analysis and graphical

representations.
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4.3 Results and Discussion

4.3.1 IT-TI Free Energy Distributions and Their Depen-

dence on Biomolecular Flexibility

Because independent TI estimates of ∆F ◦bind vary with the specific set of

simulations performed, IT-TI generates distributions of free energy estimates and

provides an average value ∆F̄ ◦bind with a reliable measure of uncertainty (δbind).
45

We evaluate the accuracy of our predicted ∆F̄ ◦bind values with reference free ener-

gies derived from the experimental Ki as ∆Fexp = RTln(Ki). For N1-oseltamivir

and RmlC-77074 binding, ∆Fexp values of −13.7 and −9.9 kcal·mol−1 were re-

ported, respectively.65,146 We compute N IT-TI estimates of ∆F ◦bind from K in-

dependent calculations of ∆F ◦water and J calculations of ∆F ◦protein (eq. 4.4). The

K = 20 ∆F ◦water results have a much smaller spread relative to the J = 20 ∆F ◦protein

results, with σwater = 0.4 and 0.2 kcal·mol−1 compared to σprotein = 4.4 and 3.2

kcal·mol−1 for the medium cont/simul/14λ N1-oseltamivir and RmlC-77074 calcu-

lations, respectively. Thus, the shape of the ∆F ◦bind distributions is dominated by

the variation of the J ∆F ◦protein results, as expected due to the numerous degrees

of freedom and complex energy landscape in this state.

Both J = 20 medium and J = 10 long independent protein simulations were

used to compute ∆F ◦bind, to test the computational efficiency of more, shorter runs

compared with fewer, longer independent runs. See Table 4.2 for a summary of

all IT-TI predictions. Figure 4.3 shows distributions of ∆F ◦bind estimates obtained

using the cont/ simul/14λ protocol in Table 4.1. The distributions are remarkably

different for the two systems investigated.

The N1-oseltamivir results in Figure 4.3 a, c have a broad range, from

very favorable (−20 kcal·mol−1) to unfavorable (> 0 kcal·mol−1). As reported in

Table 4.2, estimates from medium runs give a ∆F̄ ◦bind of −12.2 ± 1.0 kcal·mol−1.

Corresponding results for the long simulations display a marked shift of ∆F̄ ◦bind to

3.3 kcal·mol−1 away from ∆Fexp and an increase of δbind, with ∆F̄ ◦bind = −10.4±1.6

kcal·mol−1. The use of more, independent simulations improved the free energy

results in this case. In contrast, the RmlC-77074 distributions are centered near
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Figure 4.3: Normalized distributions of N1-oseltamivir (left) and RmlC-77074
(right) IT-TI results for medium and long cont/simul/14λ TI protocols (Table
4.1). ∆Fexp for both systems is also depicted (grey line), along with ∆F̄ ◦bind (thin
black line).

∆Fexp (see Figure 4.3 b, d), and the use of fewer, independent runs with longer

sampling times gave the most accurate and precise results. A close match with

experiment is found for the long simulation results in Figure 4.3 d, with ∆F̄ ◦bind =

−9.4 ± 0.4 kcal·mol−1 (Table 4.2). Overall, the δbind of the RmlC-77074 results

is significantly smaller than the δbind of the N1-oseltamivir results, due to a much

smaller spread σbind.

To probe underlying causes of the different free energy results for the two

systems, we analyzed protein sampling during the independent simulations with

Principal Component Analysis (PCA) of protein fluctuations. Figure 4.4 shows

projections along the two most dominant principal components at 5 λ values, [0,

0.2, 0.5, 0.8, 1], depicting changes in protein sampling along the perturbation in

eq. 4.2. For comparison, the same data for longer apo and holo N1 and RmlC

simulations with λ = 0 (see Methods) onto the same PC are reported (Figure

4.4). For N1, the J simulations slowly equilibrated into varied portions of phase

space, resulting in non-overlapping projections at λ = 1. Many of the simulations

also exclusively sampled motions that are not visited in the reference holo or apo

simulations. Our analysis indicates highly frustrated N1 sampling as the λ simula-
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tions are continuously initialized, contributing to varied free energy estimates and

a large σprotein component of σbind. A different picture emerges for RmlC-77074,

which had a significantly smaller σprotein compared to N1-oseltamivir. In this case,

the J independent simulations accessed similar regions of conformational space,

as inferred from overlapping projections (see Figure 4.4). The RmlC projections

also significantly overlap with projections from apo and holo reference simula-

tions. These observations hold similarly when analyzing projections along other,

less dominant PC from PCA (not shown) and link the varied spreads of IT-TI free

energy estimates, and corresponding uncertainties δbind, to protein conformational

sampling.

Differences in N1 and RmlC dynamics are also revealed in the sampling of

specific binding site residue torsions. Comparison of torsion sampling at λ = 0

and at λ = 1 reveals that 9 out of 15 monitored N1 active site residues, but only 2

out of 11 RmlC residues, increased flexibility and sampled multiple conformations

upon ligand decoupling. The torsional angles were also sampled in populations

that vary among the J=10 independent runs, particularly for charged N1 residues

R224, R371, R118, E277, and E119 (Figure 4.5). As seen in the PCA, the N1

system is challenged to access its conformational space within a single simulation,

while for RmlC, sampling is more complete within and similar among independent

IT-TI simulations. We note that, in addition to protein sampling and σprotein,

σwater contributes to the varied σbind for the two systems; the more flexible ligand

oseltamivir has more diverse sampling than the sterically hindered 77074, reflected

in the larger σwater for this ligand (see above). Altogether, these sampling behaviors

yield the different uncertainties δbind on ∆F̄ ◦bind estimates for the two systems (see

Table 4.2).

4.3.2 IT-TI Free Energy Distributions and Their Depen-

dence on Solvent Effects

Hydration dynamics and solvent fluctuations also contribute to the spread of

the IT-TI free energy distributions, in addition to protein and ligand flexibility de-

scribed in the previous section. Here we report an example from the N1-oseltamivir
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IT-TI results in closer detail. In Figure 4.3 c, an outlier, unfavorable ∆F ◦protein es-

timate was computed (see histogram bars around ∆F ◦bind = 0). This result can

be linked to pronounced solvent fluctuations during the ∆F ◦protein calculation at λ

values 0.2 and 0.25. At these intermediate states, water molecules diffuse into the

active site, very close to the partially-decoupled ligand carboxyl and ammonium

groups, and an increased number of active site water-water hydrogen bonds is ob-

served (Figure 4.6 c). This coincides with a shift in the electrostatics component of

∂U
δλ

(Figure 4.6 b), giving a less positive integrated ∆F ◦protein value and unfavorable

∆F ◦bind estimates (eq. 4.4).

These observations are fully consistent with the dynamic nature of protein

hydration and de-wetting fluctuations in binding cavities recently reported in the

literature157–159 and their thermodynamic relevance.160–162 Because timescales of

these solvent fluctuations may reach several hundred picoseconds, it is expected

that our individual nanosecond TI runs may have diverse solvent behavior among

the ten performed. Here, the advantage of using IT-TI is illustrated, as a single

TI calculation could yield a falsely unfavorable ∆F ◦bind estimate for N1-oseltmivir.

Multiple estimates of ∆F ◦bind allow recovery of the probability distribution from

multiple, independent simulations that sample both rare and dominant events. We

also note that the solvent-exposed N1 has a consistent number of water molecules

in the active site throughout the TI calculations (Figure 4.6 c), highlighting the

importance of water in both the bound and unbound states. Instead, the RmlC

binding site has a more abrupt influx of water near λ = 1 (SI Figure S4.1).

4.3.3 N1-oseltamivir Protocol Investigation

In an effort to improve consistency of the N1-oseltamivir 〈∂U
δλ
〉λ values in

Figure 4.6 and the free energy estimates in Figure 4.3, we conducted a series of

IT-TI protocol changes for the N1-oseltamivir system. The varied N1-oseltamivir

medium protocols implemented for the IT-TI calculations are described in Table

4.1, with the corresponding ∆F̄ ◦bind ± δbind listed in Table 4.2. Here, we aim for

improved precision and accuracy over the medium cont/simul/14λ results (Figure

4.3 a and Figure 4.7 a). We compare the spread, σbind, of the IT-TI distributions
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in Figure 4.7, to the σbind = 4.4 kcal·mol−1 of the medium cont/simul/14λ results.

All protocols with continuous initialization of λ intermediates gave free

energy distributions with a large spread, with 4.4 ≤ σbind ≤ 5.4 kcal·mol−1 (see

Figure 4.7 a, c, e, and g). In these cases, the ∆F̄ ◦bind values were also consistently

less favorable than ∆Fexp, with the exception of protocol cont/sep/19λ in Figure

4.7 g. In the latter case, estimates are shifted to more favorable values and ∆F̄ ◦bind

matches the ∆Fexp of −13.7 kcal·mol−1 with σbind = 4.8 kcal ·mol−1 (Table 4.2).

PCA of these cont simulations (Figure S4.2) indicated frustrated sampling, with

projections similar to those seen in Figure 4.4. Decoupling of only ligand inter-

molecular non-bonded components in both protocols cont/simul/inter/14λ and

parall/simul/inter/14λ reduced precision and made little difference in accuracy

(Figure 4.7 c, d and Table 4.2).

Overall, the σbind of the IT-TI distributions is significantly reduced with par-

allel initialization of each λ simulation. These estimates, in Figure 4.7 b, d, f, and

h, had σbind values ≤ 3.0 kcal·mol−1. However, only the protocol parall/sep/19λ

gave an accurate ∆F̄ ◦bind, close to ∆Fexp at −14.3 kcal·mol−1 with σbind = 2.1

kcal·mol−1 (Table 4.2). This improvement in accuracy is observed for both the

parall and cont protocols with separate decoupling of non-bonded components

and 19 λ values (compare Figure 4.7 e, f with g, h). For protocols cont/sep/14λ

and parall/sep/14λ, the van der Waals interactions are decoupled with only 5 λ

intermediates, while the cont/simul/14λ and parall/simul/14λ protocols employed

14 λ (see Table 4.1). Five additional λ values for the cont/sep and parall/sep

protocols, for 10 van der Waals λ intermediates and 19 total λ values, improved

interpolation of the van der Waals 〈∂U
δλ
〉λ values for more accurate integration.

These results are highlighted in bold in Figure 4.7 h and Table 4.2.

The diverse outcomes obtained using alternative IT-TI protocols show that

free energy calculations depend on a broad variety of user-defined choices. An

optimal protocol was designed for N1-oseltamivir binding and suggests that: i) TI

intermediates can be more conveniently placed at target λ values once a preliminary

knowledge of the 〈∂U
δλ
〉λ vs. λ curve is known; ii) these λ values may be run in

parallel, initialized from a λ = 0 holo configuration - an approach particularly
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suited for distributed computing; and iii) separate decoupling of both inter- and

intra-molecular non-bonded components gives more accurate free energy estimates.

4.3.4 Application of Optimized Protocol to Both N1-Oselt-

amivir and RmlC-77074 Test Systems

We applied our optimal IT-TI protocol for N1-oseltamivir binding to RmlC-

77074, and, again, compared estimates from two approaches for distributed com-

puting. For N1-oseltamivir, both approaches gave more accurate IT-TI results

with reduced uncertainty compared to Figure 4.3. In Figure 4.8 a, we see that

more, medium simulations gave a more favorable ∆F̄ ◦bind estimate of −14.3 ± 0.5

kcal·mol−1, compared to ∆F̄ ◦bind = −12.8 ± 0.6 kcal·mol−1 computed with fewer,

long simulations in Figure 4.8 c. The additional simulations enhanced N1 sampling

and improved the reliability of the IT-TI estimates (Table 4.2). For RmlC-77074,

the results in Figure 4.8 b, d reflect similar accuracy and precision compared to

Figure 4.3, particularly for the long simulations. Here the ∆F̄ ◦bind = −10.8 ± 0.2

kcal·mol−1 (Table 4.2), with a very small δbind due to consistent sampling among

the independent simulations.

We can directly compare the 2-D projections of the long parall/sep/19λ

simulations for both systems in Figure 4.9 with those in Figure 4.4. With the

optimized protocol, the highly frustrated N1 sampling of Figure 4.4 is largely al-

leviated; the J = 10 projections overlap significantly with each other as well as

with the reference apo and holo projections. One N1 simulation sampled outlier

motions, but these exchanged with motions near the holo state during the same

simulation (red contours in Figure 4.9 at λ = 0.8). The RmlC projections are

similar to those in Figure 4.4, with consistent overlap among the independent runs

and access of both apo and holo motions. In addition to more consistent protein

sampling, both systems have reduced fluctuations of water-water hydrogen bonds

in the active site when using the parall/sep protocol (SI Figure S4.1). This is pri-

marily due to parallel initialization, rather than the separate decoupling protocol.
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4.4 Conclusion

We investigated the (thermo)dynamics underlying two protein-ligand bind-

ing processes that involve very different protein, ligand, and water sampling. The

distributions of binding free energy estimates produced from independent trajec-

tory thermodynamic integration (IT-TI) were remarkably centered on the target

experimental values, but had very different spreads for the two protein-ligand sys-

tems. The solvent exposed active site of N1, with many flexible, charged binding

residues, has a larger population of microstates, with non-trivial barriers, that are

easily over- or under-sampled during a single TI calculation. The frustrated sam-

pling observed for this system resulted in a broad range of free energy estimates

from IT-TI, and additional independent runs, rather than longer sampling times,

gave more reliable results. The RmlC microstates are more accessible, even at

short (ns) simulation times. Here, the IT-TI distributions had a smaller spread,

and extension of simulation time improved the reliability of the results.

With tests of varied protocols for TI, we find that for both protein sys-

tems, each alchemical intermediate may be run in parallel, each initialized with

a λ = 0 configuration, for more consistent free energy results with maintained

accuracy. This parallel approach also allows faster completion of the calculations

compared to calculations with continuously initialized intermediates and is ideal for

distributed computing. Additionally, separate decoupling of the inter- and intra-

molecular non-bonded terms gave optimal accuracy and precision overall, but only

when employed with adequate intermediates for smooth interpolation of both elec-

trostatics and van der Waals 〈∂U
δλ
〉λ values during integration (eq. 4.1). We suggest

an approach for performance of IT-TI calculations that maximizes reliability and

computational efficiency with available sampling times.
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Table 4.2: Summary of IT-TI free energy estimates and the corresponding uncer-
tainty with varied protocols.

Reference name ∆F̄ ◦bind ± δbind (kcal·mol−1)

N1 RmlC

medium cont/simul/14λ −12.2± 1.0 −11.0± 0.4

long cont/simul/14λ −10.4± 1.6 −9.4± 0.4

medium cont/simul/inter/14λ −14.9± 1.2 -

medium cont/sep/14λ −10.4± 1.2 -

medium cont/sep/19λ −13.7± 1.1 -

medium parall/simul/14λ −10.6± 0.6 -

medium parall/simul/19λ −11.2± 0.6 -

medium parall/simul/inter/14λ −12.2± 0.7 -

medium parall/sep/14λ −11.1± 0.6 -

medium parall/sep/19λ −14.3± 0.5 −11.8± 0.3

long parall/sep/19λ −12.8± 0.6 −10.8± 0.2
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Figure 4.4: Receptor flexibility for N1 (left) and RmlC (right) as captured by 2
dominant principal components (PC) of active site residue fluctuations from long
cont/simul14λ simulations. Contours depicting projections for 90% of the apo
(filled grey) and holo (filled black) MD simulations, as well as each of J = 10
independent trajectories (unfilled color) are shown at λ values [0, 0.2, 0.5, 0.8, 1].
Projections are re-weighted to allow direct comparison between the two systems.
See Methods section for details.
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Figure 4.5: Analysis of torsional angle sampling for (a) N1 and (b) RmlC (both
monomers A and B) active site residues during the TI calculations. Normalized
probability distributions for the dihedrals monitored throughout all J = 10 long
simulations at λ = 0 (black) and λ = 1 (red) are shown. Green residue labels
highlight increased flexibility, for residues with additional observed peaks when
going from λ = 0 to λ = 1. A new configuration is considered visited if the new
peak represents at least 3% of the ensemble. For each λ = 1 peak, the number of
trajectories contributing is given. Blue residue labels indicate residues for which a
significant (> 20◦) peak shift occured at λ = 1.
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Figure 4.6: N1 active site hydration behavior and corresponding 〈∂U
δλ
〉λ values

from the long cont/simul/14λ protocol. J = 10 independent estimates of 〈∂U
δλ
〉λ

are color-coded and interpolated for (a) van der Waals and (b) electrostatics com-
ponents, with (c) the average and standard deviation of water-water hydrogen
bonds within 5 Å of oseltamivir at each λ. The black curve in all panels indicates
the TI calculation which gave an unfavorable ∆F ◦protein result. See Methods section

for details.
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Figure 4.7: Normalized distributions for N1-oseltamivir IT-TI results with various
medium decoupling protocols. Panels are labeled with the procedures from Table
4.1, and ∆Fexp is depicted (grey line), along with ∆F̄ ◦bind (thin black line). ∆F̄ ◦bind±
δbind values are reported in Table 4.2.
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Figure 4.8: Normalized distributions of N1-oseltamivir (left) and RmlC-77074
(right) IT-TI results for medium and long parall/sep/19λ protocols (Table 4.2).
∆Fexp for both systems is also depicted (grey line), along with ∆F̄ ◦bind (thin black
line).
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Figure 4.9: Receptor flexibility for N1 (left) and RmlC (right) as captured by 2
dominant principal components (PC) of active site residue fluctuations from long
parall/sep/19λ simulations. See Figure 4.4 for color coding.
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Supplemental Information

Supporting Figures

Figure S4.1: N1 and RmlC active site hydration behavior for varied IT-TI proto-
cols. The average and standard deviation for water-water hydrogen bonds within
a 5 Å radius around the ligand for N1 (a, c) and RmlC (b, d) is shown for the
protocols labeled as in Table 4.1.
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Figure S4.2: Receptor flexibility as captured by 2 dominant principal components
(PC) of active site residue fluctuations from varied medium IT-TI protocols for N1.
Protocols are labeled as in Table 4.1 and the free energy results are summarized
in Table 4.2. See Figure 4.4 for color coding.
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Gelṕı, J. L.; Orozco, M. Proc Natl Acad Sci USA 2007, 104, 796–801.

(123) Caves, L. S.; Evanseck, J. D.; Karplus, M. Protein Sci. 1998, 7, 649–666.

(124) Monticelli, L.; Sorin, E. J.; Tieleman, D. P.; Pande, V. S.; Colombo, G. J.
Comput. Chem. 2008, 29, 1740–1752.

(125) Abed, Y.; Nehme, B.; Baz, M.; Boivin, G. Antiviral Res. 2008, 77, 163–166.

(126) Bantia, S.; Parker, C. D.; Ananth, S. L.; Horn, L. L.; Andries, K.; Chand, P.;
Kotian, P. L.; Dehghani, A.; El-Kattan, Y.; Lin, T.; Hutchison, T. L.; Mont-
gomery, J. A.; Kellog, D. L.; Babu, Y. S. Antimicrob. Agents Chemother.
2001, 45, 1162–7.

(127) Boivin, G.; Goyette, N. Antiviral Res. 2002, 54, 143–147.

(128) Govorkova, E. A.; Leneva, I. A.; Goloubeva, O. G.; Bush, K.; Webster, R. G.
Antimicrob. Agents Chemother. 2001, 45, 2723–2732.



106

(129) McSharry, J. J.; McDonough, A. C.; Olson, B. A.; Drusano, G. L. Clin.
Diagn. Lab Immunol. 2004, 11, 21–28.

(130) Shie, J.-J.; Fang, J.-M.; Wang, S.-Y.; Tsai, K.-C.; Cheng, Y.-S. E.; Yang, A.-
S.; Hsiao, S.-C.; Su, C.-Y.; Wong, C.-H. J. Am. Chem. Soc. 2007, 129,
11892–11893.

(131) Yamashita, M.; Tomozawa, T.; Kakuta, M.; Tokumitsu, A.; Nasu, H.;
Kubo, S. Antimicrob. Agents Chemother. 2009, 53, 186–192.
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