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Abstract

We introduce the self-Relative Binding Free Energy (self-RBFE) approach to eval-
uate the intrinsic statistical variance of dual-topology alchemical binding free energy
estimators. The self-RBFE is the relative binding free energy baween a ligand and a
copy of the same ligand, and its true value is zero. Nevertheless, becauthe two copies
of the ligand move independently, the self-RBFE value produced $ a nite-length sim-
ulation uctuates and can be used to measure the variance of the model. fie results
of this validation provide evidence that a signi cant fraction of the errors observed in

benchmark studies re ect the statistical uctuations of unconverged estimates rather
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than the models' accuracy. Furthermore, we nd that ligand reorganization is a sig-
ni cant contributing factor to the statistical variance of binding fr ee energy estimates
and that metadynamics-accelerated conformational sampling of torsional degres of

freedom of the ligand can drastically reduce the time to convergence.

Introduction

Advances in computational models and computer hardware arewvolutionizing the role of
molecular simulations in chemical research, opening new aues for exploring molecular
interactions at an unprecedented level of detail. Atomisti simulations of molecular binding,
in particular, are playing a pivotal role in understanding tindamental biological regulatory
processes and in assisting in the rational design of drul%. The accurate estimation of
protein-ligand binding-free energies by computer simuli@ins, which is the subject of this
study, is becoming an important ingredient in elucidating miecular recognition mechanisms,
identifying potential drug candidates, and developing nai therapeutics.

However, the accurate determination of binding-free energi®y physics-based atomistic
computer simulations remains a formidable challenge duetioe size and complexity nature of
biological systems, the dynamical nature of molecular regoition mechanisms, and the high
dimensionality of the conformational space to explore. Thpresence of many energy basins
separated by high energy barriers is a serious obstacle foaditional molecular dynamics
(MD) conformational sampling algorithms, which are limitel to the narrow band of thermal
energies. The negative impact of conformational trappingue to limited MD conformational
sampling is further exacerbated in simulations of moleculassociation processes where the
populations of conformational states of the receptor anddand often shift as they form
interactions.”® Poor equilibration between stable con gurations of the syem and failure
to capture the free energy of conformational reorganizatiampon the formation of receptor-
ligand interactions causes biased and noisy free energy msties that do not re ect the

actual binding a nity trends, leading to incorrect predictions about the relative potency of
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drug candidates.

Alchemical models of the Relative Binding Free Energies (RBFE)f protein-ligand com-
plexes have emerged as the leading computational methodslé&ad optimization in industrial
and academic pharmaceutical researd° RBFE models estimate the ratio of the dissoci-
ation constants, K 3=Kg, of a pair of ligands to the same protein receptor, or, equilently,
their relative standard binding free energies, G, by considering a non-physical path that
progressively modi es the potential energy function of theystem in such a way that at the
beginning it describes the receptor bound to the rst ligand lad at the end it describes the
receptor bound to the other ligand. The relative binding freereergy is then the reversible
work along the alchemical path?%23

While increasingly popular, as evidenced by extensive largeale benchmarking valida-
tion studies against experimental datal®'21>17.19 RBFE models do not always yield correct
predictions. The causes of mispredictions are often uncteg@rimarily because the ground
truth value of the models is not known, and the relative contbutions of model accuracy
and statistical uctuations on the prediction accuracy areuncertain. Are prediction errors
caused by inaccuracies in the models or our inability to caltate the models' predictions
with su cient precision? In this work, we investigate the caugs of slow convergence and
large statistical uctuations of relative binding free enegy estimates on a large and challeng-
ing library of protein-ligand complexes. We do so by invegjating calculations that connect
equivalent complexes and should then yield zero. We can therplore the models' bias and
variance independently. We nd that the conformational reoganization of the ligand is a
leading cause of poor convergence and that an acceleratedfoomational sampling approach
based on metadynamics can signi cantly reduce statisticalictuations.

Alchemical RBFE models are still a work in progress as structarbased drug discovery
aids in many respects. RBFE tools tend to be very complex, reme extensive expertise,
and display inconsistent performance if not deployed cowty.'? Probably some fraction

of the RBFE prediction errors that are observed in applicatios are caused by erroneous



chemical representations, such as the incorrect assignrheh protonation, tautomerization,
and chirality. Inaccuracies of molecular mechanics potaat energy functions are also likely
a signi cant source of errors??24 Technical di culties exist in many alchemical RBFE im-
plementations with charge-changing and sca old-hoppingansformations, and in modeling
variations of hydration patterns. However, as discussed ab® limited conformational sam-
pling likely remains one of the primary sources of mis-preddions. The system often stays
trapped near the initial conformation, and alternative pose of the receptor and the ligands,
including the conformational reorganization processes@gring upon binding, are not fully
captured during the relatively short molecular dynamics ros.

There are many alchemical RBFE implementations in current @s The Double Decou-
pling Method (DDM), 2° which is probably the most popular, does not connect the entbses
directly. Rather it relies on an indirect route involving mutiple simulations that morph the
electrostatic and non-electrostatic interaction of one dgiand into the other in the solution
and receptor environments separatelf The implementation of DDM typically requires cus-
tomized MD energy routines that allow the tuning of the parareters of the potential energy
function as the alchemical transformation takes place and¢orporate modi ed soft-core
interaction pair-potentials to reduce numerical instabities near the endpoints.

The treatment of the transformation of the chemical topolog of one ligand into the other
is an important di erentiating factor of alchemical RBFE implementations. In a single-
topology implementation, the system holds a single repregation of the ligands' atoms and
their assigned force eld parameters in such a way that the ais of the initial molecule
are converted into those of the nal molecule during the ala@mical transformation. Dummy
atoms are used to treat atoms that are not present at either enstate.!'?"2° Conversely,
in a dual-topology RBFE implementation, the two ligands are épresented by distinct non-
interacting standard chemical topologies whose interactis with the environment are turned
o and on during the alchemical process® Hybrid topologies, where the constant parts of the

ligands are treated within the single-topology formalism ahthe variable parts are described



by dual-topology, are also in use. Single- and dual-topolo@pproaches are more or less
suitable depending on the circumstances. Generally, siegiopology RBFE is more e cient,
especially when the di erence between the two ligands is sihaand dual-topology RBFE
formulations are more versatile and easier to implement.

We recently introduced the Alchemical Transfer Method (ATM)to address some of the
complexities and limitations of traditional alchemical méods. ATM is a dual-topology
RBFE implementation based on a coordinate rather than a potéial energy function per-
turbation. ATM is free of the complexities of traditional aldhhemical methods. It supports
absolute and relative binding free energy calculations inwni ed way, it computes free en-
ergies directly employing a single simulation box with stadard chemical topologies, and it
natively supports standard as well as charge-changing andasold-hopping transformations
without correction factors and ancillary calculations. Fathermore, since it does not use pa-
rameter interpolation or custom soft-core pair potentialsATM is more easily implemented
and transferable across MD engines because it uses the unimextienergy routines of the
underlying molecular dynamics engine. For the same reasadh,applies to any molecular
energy function, including the next generation of more accusa polarizable 334 quantum-
mechanical®®®® and machine-learning potentiald®*! that are just starting to be employed
in alchemical macromolecular simulations. The current flyf open-source software release of
ATM employs the OpenMM molecular dynamics engine and has lresuccessfully tested on
a series of medicinal targets by us and academic and induatrpartners.t®4?

In this work, we study the bias and variance of ATM by estimatig the binding free
energies of a series of complexes from the benchmark set ofirgtar et al.'? relative to
themselves (self-RBFEs). A self-RBFE is obtained when the twiigands considered in an
ATM RBFE calculation are the same ligand. Obviously, in this ase, the true value of the
RBFE is zero. Nevertheless, because the dual-topology copadsthe ligand act indepen-
dently, the free energy value produced by a nite-length ATMsimulation uctuates and is

not guaranteed to be zero. The advantage of investigating IE&BFEs is that their true



value (zero) is known, allowing the bias and variance of theadel to be investigated inde-
pendently. We measure the bias by asking how much the averageacsequence of the ATM
self-RBFE replicates di ers from zero. The variance is then gasured from the distribution
of the replicate's estimates. While a large and consistentds re ects an implementation
error that should be corrected, a level of variance is unavaitlle and re ects the minimum
amount of statistical noise that would a ect actual ATM's RBFE predictions between pairs
of di erent ligands.

We observe that ATM's self-RBFE variance is a signi cant fration of the mean squared
error of ATM RBFE estimates relative to experimental free engies in recent large-scale
validation studies,!®#? suggesting that, to some degree, those errors re ect statal noise
rather than model's defects that can be addressed by improwg the chemical realism of the

model by, for example, adopting a potential energy model atlagher level of theory. Rather,

improved predictions could be achieved by reducing statistl noise by more extensive con
formational sampling. This conclusion is supported by thelbservation that the self-RBFE's

variance is strongly correlated to the reorganization freenergy of the ligand; the induced- t

free energy cost for the ligand to reorganize into the bindgacompetent conformational state
from the range of conformations it occupies in solution. A lkhbetween these two quantities
suggests that ligand conformational reorganization conbutes signi cantly to the errors ob-

served in validation studies and that errors can be reduceq mproving the sampling of the
ligands' intramolecular degrees of freedom.

In this work, we employ metadynamics-based samplifi§yto speed up the sampling of
slow torsional degrees of freedom during ATM RBFE calculatis. Metadynamics is an al-
gorithm that adaptively builds up a biasing potential function that disfavors conformations
that have already been visited. By doing so, it tends to equak the populations of con-
formational states along a chosen coordinate and lower eggrbarriers that hamper rapid
interconversions. In keeping with the philosophy of simglity and transferability of ATM,

we employ the metadynamics implementation in OpenMM by PeteEastman*! that, unlike



other conformational acceleration algorithms such as regh exchange with solute tempering
(REST),** apply to arbitrary many-body potential and does not require rodi cations to
the core energy routines of the MD engine.

The work is organized as follows, we rst review ATM, then intoduce the concepts of self-
RBFE and reorganization free energies, and describe the méyaamics algorithm as used
in this study. We then present the analysis of the self-RBFE ahreorganization free energy
values we obtain on the benchmark sets. We conclude with a clission of the implications
of the ndings of this study for the future directions of alchenical binding free energy models

in structure-based drug discovery.

Theory and Methods

The Alchemical Transfer Method for Relative Binding Free Energy

Estimation

The Alchemical Transfer Method (ATM, for short) estimates the binding free energies of
molecular complexes by relating the bound and unbound statéy a coordinate displacement
transformation that brings the ligand from the solution envronment to the binding site of
the receptor. Alternatively, it estimates the relative bindng free energy (RBFE) of two
complexes of the same receptor with two di erent ligands byranslating one ligand into
the binding site while another is simultaneously translatedrom the binding site to the
solution. In this sense, ATM is a dual-topology free energy ethod because it employs
distinct topologies for each ligand rather than modifying e topology as in single-topology
formulations.?> ATM and its applications are described in detail in publishé works.234°
Only a brief account is provided here to introduce the notatin and the essential features
relevant to the present work.

A typical system for an ATM RBFE calculation consists of a progin receptor R bound

to a ligand A and a second ligand B placed in the solvent disglad from ligand A by
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Figure 1: General illustration of the Alchemical Transfer Method (ATM) for RBFE. The
unbound guest is obtained by translating the bound guest by the displacement vector h shown
in orange. The direction of h depends on the translation towards and from the binding site.
The protein in purple shown here is HIV-RT (PDB: 3MEC) bound to rilpivirine (TMC278)
in the active site and etravirine (TMC125) in the bulk of the solvent. The small red spheres
surrounding the host and both guests in the box represent the oxygen atoms of the water
molecules of the solvent.



a displacement vectorh, such that it is at a su cient distance from the receptor to be
considered not bound to it (Figure 1). ATM computes the potentil energy functions of
the system and their gradients before and after translatingyba vector h ligand A from
the binding site to the solvent while simultaneously trangiting ligand B by the opposite
displacement. The rst potential energy function, calledUy(x), describes the system when
ligand A is bound to the receptor, and the second, called;(x), corresponds to the state in
which the ligand B is bound. Herex represents collectively the coordinates of the receptor,
the ligands, the solvent, and whatever other chemical spesies present in the system. The
free energy di erence between the states 1 and 0O is the RBFE b&ten ligands A and B to
receptor R.

To calculate the RBFE, the potential energy function is progessively morphed from
Uo(X) to Uy(x) by de ning an alchemical potential energy functionU (x) that goes from
Uo(X) to Uy(x) as the alchemical progress parametergoes from 0 to 1. As an example, the

linear alchemical potential energy function

U (x) = Uo(x)+ u(x); 1)

where

u(x) = Us(x)  Uo(X); (2)

is the perturbation energy function is one such interpolating function. However, as thor-
oughly discussed in published work&#’ non-linear alchemical potential energy functions

are vastly more e cient than linear interpolating functions. ATM adopts the expression

U (x) = Uo(x) + W [u(x)]; 3)



whereW (u) is the soft-core softplus alchemical perturbation functin

W (u) = 2 n 1+e MWs wl 4 2Uso(U) + Wo!; 4)

the parameters ,, 1, , Ug, and wy are functions of (see Computational Details), the

function 8
2 u U U
Usc(Uu) = h i %)
" (Umax  Uc)fsc ur:ax ucuc U U>Ug
with
() 1,
fSC(y) - Z(y)a+ 1 ) (6)
and
z(y) = 1+ 2 y=a+2(y=3)* ()

is the soft-core perturbation energy function designed to aid singularities near the initial
state of the alchemical transformatior®4” The parametersunmax, Ue, and a are set to cap
the perturbation energyu(x) to a maximum positive value without a ecting it away from
the singularity. The speci c values ofu., unax, and of the scaling parametera used in this
work are listed in the Computational Detalils.

For e ciency reasons elaborated elsewher&* Eq. (3) is not employed to span the
entire alchemical pathway from = 0to = 1. Rather, the process is divided into two
legs: one starting at = 0 using the alchemical potential in Eq. (3), and a second leg
starting from the bound state U,(x) morphing in the other direction towards the unbound
state using the alchemical potential (x) = Uy(x) + Wy [ u(x)]. Both legs terminate at

= 1=2 at the ATM symmetric alchemical intermediate with the potemial energy function
Ui (X) = [ Up(Xx)+ U1 (x)]=2 that is an equally weighted average of the endstates. Thdagve

binding free energy is then given by the di erences of the fremnergies corresponding to the
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two legs
Gp,= Gy(B) Gp(A) = Gl Gieg2 (8)

Self-Relative Binding Free Energy Calculations

In this work, we investigate self-RBFE ATM estimates; that isthe outcomes of RBFE
calculations when the ligandsA and B are the same ligand. The true value of the binding
free energy of a ligand relative to itself is obviously zeroHowever, because of statistical
uctuations, the self-RBFE obtained from a nite-length ATM calculation will not be exactly
zero. Below we will employ the statistical uctuations of sé-RBFE estimates to understand
the statistical uctuations of RBFEs between unlike ligands.

It should be recognized that the concept of a self-RBFE appliemly to dual-topology
binding free energy formulations such as ATM. The singlemlogy process of morphing
a ligand to the same ligand is inherently a null transformatin with necessarily zero free
energy. In ATM theory, the true value of a self-RBFE is zero bewise the two legs of the
ATM alchemical process have the same initial and nal stateand thus have the same free
energy. The initial state of either leg is the state in which e copy of the ligand is bound to
the receptor, and the other copy is in solution. The nal sta¢ is the symmetric alchemical
intermediate, which is again shared by the two legs. Howevehe free energy of each leg is
not zero, and random di erences between the estimates of thwo legs cause the self-RBFE
estimate to di er from zero.

We measure the statistical uctuations of self-RBFEs for a sesimulation length by
running replicates of the simulations of the same length. TEhstandard deviation of the
distribution of self-RBFEs is a measure of the statistical @tuation of the self-RBFE of a
ligand. The deviation of the mean of the self-RBFE of the distbution of self-RBFEs from

zero is a measure of the bias of the ATM estimate.
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Estimation of the Ligand Binding Reorganization Free Energy

The ligand reorganization free energy for binding measurése free energy cost for the lig-
and in solution to assume the binding-competent conformatin.*® This quantity, also known
in the literature as the conformational free energy penaltpr strain energy?®*° is an im-
portant element considered in lead optimization because aotecule predisposed for binding
with small reorganization free energy is more likely to bind sbngly to the receptor. Con-
versely, reorganization opposes the binding of exible medules that spend most of their
time in solution in conformations away from the bioactive aoformation. Even though drug
development typically focuses on strengthening receptagénd interactions, the ligand re-
organization element can be crucial in determining bindingpeci city, ! especially when
binding energy variations are minimal. In such cases, optiring binding a nity can be
achieved by strategies that focus on preorganizing the ligd for binding, thereby reducing
unfavorable reorganization.

Computer models are uniquely positioned to probe ligand reganization free energies.
While experimental structures of protein-ligand complexesften yield the bound structure
of ligands, they do not provide information about their distibution of conformations in
solution. The ligand component of the reorganization freenergy for binding of ligand A,

Greorg(A), is formally related to the population pa of the ligand's bioactive conformation
in solution

Greorg (A)= kegTInpa: 9)

Hence, the binding a nity of a ligand could be signi cantly overestimated if the reorganiza-
tion free energy is not taken into account, especially s is small and Gyeorg(A) is large
and positive.

It is challenging to obtain a good estimate of the reorganiziain free energy of a ligand
by unbiased molecular simulations if the bioactive conforntian is rarely visited in solution

or it is separated by the other solution conformations by lare energy barriers that are rarely
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crossed. For example, if the ligand remains trapped in theitral bound conformation because
transitions to more stable conformations in solution are ra, one would incorrectly deduce
that the ligand reorganization free energy is small. The edibration between conformational

states separated by free energy barriers greater than 5 keabl is generally considered
di cult within routine MD simulation timescales. Conversely, the reorganization free energy
could be grossly overestimated if the population of the bicive conformation is so small that
is almost never visited when the ligand is in solution. The pEganization of the receptor can
also be a major contributing factor for binding that is equalil or harder to model than ligand

reorganization. In this work, we focus on the ligand reorgaation under the assumption

that the receptor does not reorganize or it does not reorga@ di erently depending on the

bound ligand.

Taken together, conformational reorganization processdisat accompany binding can
be a major convergence bottleneck for binding free energylmdations. One way to probe
their e ect is to see whether ligands with self-RBFEs with lage statistical uctuations are
predominantly those that reorganize upon binding. This wdd be the case because ligand
molecules that su er large reorganization in solution and r&ly interconvert between the
bound and unbound conformations in solution are more likely display random uctuations
in one alchemical leg than the other, causing self-RBFEs to date from zero.

In this work, we estimate the reorganization free energy of kgand A by measuring
the RBFE between the ligand and a version of the same ligand tened within the state
corresponding to the bioactive conformatior,. The bound state is identi ed by means of

ranges of torsional angles of the ligand. According to the twatep process

R+ A )r R+ Ap Greorg(A) (10)

R+ Ay RA, Gu(R; Ap)

whereAy is the restrained ligand pre-reorganized for binding, Georg(A) is the reorganization
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free energy, AGy(RA) is the binding free energy of the reorganized ligand, and assuming that

the complexes RA, and RA with and without the ligand restrained are thermodynamically

equivalent, the overall binding free energy for the process R + A = RA is written as*®

AGHR, A) = AGreog(A) + AGH(R, Ap) (11)

Thus, the reorganization free energy is given by the relative binding free energy between A

and A, for receptor R.

AAG, (biased)

RA+B — __RB+4
biased biased
AG, AG,
RA+ B RB+A
unbiased unbiased

Figure 2: Thermodynamic cycle for the unbiasing of the relative binding free energy between
ligands A and B calculation of the unbiased AAG} in the ATM-metaD protocol. In the self-
RBFE approach, both ligands A and B are chemically identical and are bound to the receptor
R at the two end states.

Metadynamics Conformational Sampling

In this study, we employ well-tempered metadynamics*® to accelerate the sampling of the

2 and

internal torsional degrees of freedom of the ligands. Similar to earlier local elevation®
conformational flooding methods,?® metadynamics constructs a flattening biasing potential
that reduces free energy barriers along chosen collective variables (CVs) by disfavoring values

of the CVs that are frequently visited.?*% At the limit at which free energy barriers are
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completely removed, well-tempered metadynamics biasing teatial yields the potential of
mean force of the system along the selected C¥%The results reported here were obtained
with the implementation of well-tempered metadynamics by &er Eastman packaged with
the OpenMM library. 56:57
As described in detail in Computational Details, our approdt involves rst obtaining

the torsional attening biasing potentials Uyias by running well-tempered metadynamics on
the free ligands in water. We then perform the ATM alchemicatalculation with the bias-
ing potentials added to the intramolecular potential eneng functions of the ligands. The
resulting biased free energy is unbiased using a book-erglapproack?”-*® by computing the
free energy di erences of the system without the biasing penmtial from samples collected
with the biasing potential at the endpoints of the alchemidapath. In this work, we used a
simple unidirectional exponential averaging formula to elaate the free energy corrections

for unbiasing at each endpoint (Figure 2). For example, in thaotation of Figure 2

Gl = kB T Ir“’E"Xp(ubias:kB T)i biased (12)

where Uyias IS the metadynamics-derived attening biasing potential ad h ::ipjaseq IS the
ensemble average of thRA + B biased state. The exponential averaging estimator conveg
quickly in this case because the biased ensemble is a sub$ahe unbiased one.

The ATM protocol augmented with metadynamics (hereafter AM+MetaD) was applied
to the calculation of ligand reorganization free energiesd€e above) and to the self-RBFE
calculations. As shown in the Results, metadynamics samplingduces signi cantly the
statistical uctuations of the self-RBFE estimates by accadrating the transitions of the

ligands.
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Benchmark Systems

We illustrate the application of the self-RBFE and reorganiation free energy analysis on
four benchmark systems. The rst set, composed of two non-oleoside inhibitors (NNRTIS)
(TMC125 and TMC278) of HIV-1 reverse transcriptase (HIV-RT) whge conformational re-
organization properties have been studied computationgl(Figure 3),°%° has been chosen
as one of the clearest examples of conformational reorgatian. TMC278, sold as rilpivirine,
is known to undergo an extensive conformational reorganizan from an extended conforma-
tion to a compact U-shaped conformation to bind HIV-RT. In contast, the similar TMC125
compound (sold as etravirine) is mostly in the binding-comgtent U-shaped conformation in
solution and does not reorganize for binding.

The other three case study systems (c-Met, Syk, and CDK8) wetaken from the RBFE
benchmark set prepared by Schindler et &% The RBFEs estimates of these systems were
recently reported by Chen et al*? using the same ATM free energy protocol and force eld
employed here. Chen et at? reported average unsigned errors relative to the experintsn
of 098, 113, and 150 kcal/mol, respectively, relative to the experiments forHese sets.
Schindler et al!? obtained similar prediction performance with the commeral FEP+ pack-
agel%6! Here we report the self-RBFE estimates for all of the 101 compkexin these sets
and perform a detailed statistical uctuation and reorganzation free energy analysis on a

randomly picked subset of 11 complexes.

Simulation Settings

We employed the structures of the c-Met, Syk, and CDK8 comptes posted by Schindler et
al.12%2 prepared and parameterized for ATM RBFE calculations as desied by Chen et al#?
and posted on the GitHub repositoryhttps://github.com/EricChen521/ATM _MerckSet
We used the 3MEC?2 and 2ZD1%* crystal structures for the complexes of TMC125 and
TMC278 bound to HIV-RT. The HIV-RT receptor structures were pro@essed using the Pro-

tein Preparation Wizard in Maestro (Schredinger, Inc). Thecalculations used a simpli ed
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model of the receptor, incorporating any receptor residue thi atoms within 12 A of any
ligand atom. This streamlined model was chosen for computahal ease. The 12A limit
for non-bonded interactions and the receptor's rigidity esured that predictions don't de-
pend on atomic interactions outside this modeled zone. Theceptor model consisted of 114
residues (from positions 88 - 112, 171 - 195, 220 - 243, 3143,327 - 350, and 378 - 385 in
the p66 subunit, and 132 - 142 in thep51 subunit), totaling 1905 atoms. We adopted the
AMBER FF14SB force eld for the protein and the TIP3P model for wate. TMC125 and
TMC278 were parametrized using the GAFF1.8/AM1-BCC force eld.The solvated systems
were neutralized using N&/Cl and K*/CI ions for HIV-RT protein-ligand and Schindler
et. al benchmark sets respectively. ATM ligand alignment sgraints° were employed with
force constantsk, = 2:5 kcal/(mol A%?) and k = k = 25:0 kcal/mol for the positional and
orientational restraints, respectively. The receptors' C atom positions were kept near their
starting values using at-bottom harmonic restraints with a 1.5 A allowance and a force
constant of 25 kcal/(mol A?). The LEaP program® was used to combine the receptor and
the ligands and solvate the system. The second ligand of eadpalnd pair was translated
by 34 A along the diagonal of the solvent box. This distance was suwient to maintain a
minimum separation of three water layers between the ligand solution and the receptor's
atoms. The resulting system was solvated with a 1A bu er.

The prepared systems were energy-minimized, thermalizexhd equilibrated at 300 K and
1 bar of constant pressure. This was followed by slow annewjito the = 1=2 alchemical
intermediate for 250 ps. The resulting structure served ah¢ initial con guration for the
subsequent alchemical replica exchange simulations.

For all the protein-ligand complexes, we employed 22 repdis, with 11 for each of the two
legsfrom =0to = 1=2. The schedules of the softplus alchemical parameters ind&gion 4
were: 1=0;0,0;0;0;0;0:1;0:2;,0:3;0:4;, 05, 5,=0;0:1;0:2;0:3; 0:4; 0:5; 0:5; 0:5; 0:5; 0:5; 0:5
for the Schindler et. al. protein-ligand systems. For HIV-RT omplexes, the parameters were

1=0:0,0;0;0;0;0:10,0:20, 0:30;, 0:40, 0:50, ,=0:;0:100:20, 0:30; 0:40; 0:50; 0:50; 0:50; 0:50; 0:50; 0:50.
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For all -states for both sets, we used = 0:1 (kcal/mol) * and uy = 100 kcal/mol.

The asynchronous Hamiltonian replica exchange molecularrymics conformational sam-
pling,% was executed with a timestep of 2 fs. Perturbation energy saes were collected
every 40 ps. The relative binding free energies were deten®d using replica trajectories
that were a minimum of 5 ns in length. The rst third of the samges were discarded for
equilibration for free energy analysis. We used UWHAM, multi-stte free energy estimatof/
for free energy, and statistical error estimation.

For the calculation of ligand reorganization energy, one pg of the ligand in the bound
state was restrained to its torsions in the bound state. The tsional distribution at =
1 with ATM for the ligand was obtained. The majority of the torson values with their
uctuations in the distributions were recorded to set the tasional restraints for the ligand in
the bound state. The speci cations for torsional restrairg for each ligand in this study can
be found at (https://github.com/sheenam1509/self-rbfe.qit ). The second copy of the
ligand was unrestrained and was modeled with the metadynaosiderived biasing potential
described below. The bias potential was applied to the unttesined ligand in order to prevent
it from conformational trapping (if present) and eventualy sample all conformations relative
to the bound state. Unbiasing was done at the end using the boekding approach, that
has been discussed in Theory and Methods.

We employed the well-tempered metadynamié utility available in OpenMM #! to op-
tionally accelerate the sampling of the torsional degree$ the ligands. Torsional potential
energy attening biasing potentials were obtained by simuling each ligand in a water solu-
tion. Metadynamics MD was conducted for 50 ns with a well-tepered metadynamics bias
factor of 9, Gaussian height B kJ/mol, 10 degrees Gaussian width, and a deposition rate
of 0.2 ps. The biasing potential was added to the potential ergy function of the ligands
for a subset of the self-RBFE ATM calculations, and the resulig free energy estimates
were unbiased as described in Methods. Torsional atteningdsing potentials derived from

metadynamics were also used in the ATM calculations for theeorganization free energies
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of the ligands in the same subset.

Results

The self-RBFE estimates from ve replicates for the complexed HIV-RT with TMC125 and
TMC278 with and without accelerated metadynamics samplingre reported in Table 1. The
average and variance over the ve replicates measure the biand statistical uctuations of
the ATM self-RBFE estimator for a simulation length of 5 ns pereplica. With the exception
of the complex with TMC278 with metadynamics sampling, the ias of the self-RBFE with
respect to the true value is zero within statistical uncertiaty. However, a small but consistent
bias towards positive self-RBFE values is evident as the aegyes over the replicates are
positive in all cases, and the average self-RBFE is outsideetuncertainty window in the
case of TMC278 with metadynamics. We interpret this residudlias as the tendency of the
copy of the ligand started in solution to move away from the bhund-competent conformation
in the early phases of the simulation (see Discussion below)

As measured by the variance, metadynamics conformationalrspling reduces the sta-
tistical uctuations of the self-RBFEs in the case of TMC278 It increases it for TMC125
(Table 1). As further discussed below, this is one of severadaanples we encountered where
the more extensive conformational exploration a orded by ntadynamics does not necessar-
ily bene t ligands that do not signi cantly reorganize upon binding. The reorganization free
energy estimates we obtained (Table 2) con rm that TMC278 sers a much larger reorga-
nization penalty than TMC125. Hence, accelerated conformanal sampling helps reduce
the statistical uctuations of TMC278 by increasing the rak of interconversions between the
E and L conformations predominant in solution (Figure 4) to theJ conformations required
for binding. In contrast, TMC125 is already predominantly inthe bound U-shaped confor-
mation in solution (Figure 4), and exploring minor conformabnal states hurts convergence

rather than enhances it.
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Table 1: Self-RBFE replicates for the complexes of HIV-RT with MC125 and TMC278.
Replicate Gp(ATM) @ Gp(ATM+MetaD) @

TMC125
1 0.05 1.12
2 -0.81 -0.25
3 -0.33 1.80
4 0.83 -0.64
5 0.75 0.17
averagé 0:10 0:62 Q44 0:90
variance 0.49 1.01
TMC278
1 1.80 0.03
2 1.07 1.35
3 1.06 0.44
4 3.75 0.79
5 -3.40 0.46
averagé® 0:86 234 061 0:44
variance 6.88 0.24

3|n keal/mol PIn (kcal/mol) 2 Errors are reported as twice the standard error of the mean.

Table 2: Reorganization free energy estimates for TMC125&iTMC278

Ligand Gp(ATM+MetaD) &P
TMC125 037 070
TMC278 397 060

aIn kcal/mol. PErrors are reported as twice the standard error of the mean.

21






With this knowledge in mind, we tested whether metadynamicsdsed accelerated con-
formational sampling reduces the statistical uncertaintpf the RBFE between TMC125 and
TMC278 binding to HIV-RT. Since biasing the sampling of the dibdral angles of TMC125
proved ine ective, in these calculations we applied the metgthamics attening potential
only to TMC278 to better address its large conformational ganization in solution. In-
deed, as the results in Table 3 show, metadynamics samplingelgds an RBFE estimate
with a much smaller statistical uncertainty (a variance of 0.6 compared to 192 (kcal/mol)?
without metadynamics) at essentially the same computationacost. The reduction of the
model variance, in this case, is due to the frequent transitins of TMC278 from solution to
bound conformational states with metadynamics. With standa MD sampling, in contrast,
TMC278 remains trapped in the extended solution conformatis while in solution and is
unable to equilibrate with the bound state of the complex (Figuz 5).

Experimentally, TMC278 is a slightly better or equivalent nhibitor of HIV-RT than
TMC125.%8 Without metadynamics sampling, ATM predicts that TMC125 is nstead signif-
icantly more potentthan TMC278 ( Gp = 1:49 kcal/mol) albeit with a large uncertainty.
With metadynamics sampling, the RBFE estimate is much closer tthe expected value and
with signi cantly smaller uncertainty. The overestimation of the potency of TMC125 rela-
tive to TMC278 without accelerated conformational samplig is attributed to the reduced
ability of TMC278 to visit bound-competent conformations vhile in solution without the
help of the metadynamics attening potential.

The self-RBFE estimates for the benchmark sets from Schindlet al. are shown in
Tables 4, 5 and 6. To compare with the results of Chen et &?,these calculations did not
employ metadynamics accelerated conformational sampling’he model bias measured as
the average of the self-RBFEs is within statistical uncertaty for all three sets. However,
the statistical spread of the estimates as measured by the aage unsigned error (AUE in
Tables 4, 5, and 6) is relatively large (87, 085, and 080 kcal/mol for the c-Met, Syk, and

CDKS8 sets, respectively) and comparable to the AUEs relativeo the experiments of the
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RBFEs between dissimilar ligands of the same sets obtained byé&h at al.*? (0:98, 113,

and 150 kcal/mol, respectively) using the same setup and force elemployed here.

Table 4: Self-RBFE estimates for the c-Met complexes.

Ligand Gp(ATM) 2
CHEMBL3402741 0.78
CHEMBL3402742 -1.80
CHEMBL3402743 0.43
CHEMBL3402744 -0.32
CHEMBL3402745 -0.57
CHEMBL3402747 -0.97
CHEMBL3402748 2.29
CHEMBL3402749 0.39
CHEMBL3402750 -0.91
CHEMBL3402751 -0.77
CHEMBL3402752 0.09
CHEMBL3402753 0.37
CHEMBL3402755 -2.12
CHEMBL3402756 -0.82
CHEMBL3402757 -0.17
CHEMBL3402758 -0.28
CHEMBL3402759 -0.33
CHEMBL3402760 0.20
CHEMBL3402761 0.02
CHEMBL3402762 1.21
CHEMBL3402763 -0.55
CHEMBL3402764 -2.08
CHEMBL3402765 -2.63
AUE? 0.87
averagé° 0:37 0:46
variance 1:25

2In kcal/mol. PIn (kcal/mol) 2 °Errors are reported as twice the standard error of mean.

To gain a better understanding of the sources of statisticalaise a ecting the self-RBFE
estimates, we performed a similar analysis as for the TMC12,d TMC278 inhibitors of
HIV-RT above on a small subset of randomly picked ligands of the-Met, Syk, and CDK8
sets. We conducted ve self-RBFE replicates for each complex the subset to estimate

the model bias and variance with and without metadynamics aeterated conformational
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It is often found, for example, that increasing the level of @uracy of the force eld does
not signi cantly change the average deviation from the experiental data,'®%® raising the
possibility that statistical uncertainties, rather than inaccuracy of the model, dominate the
observed model errors. One largely uncontrollable sourcenmise is the target experimental
activity data, which varies depending on the conditions andoes not always reliably report
the actual binding strength.”®’* However, a likely more pervasive source of statistical noise
is the random variation of the free energy models' predictis due to incomplete confor-
mational sampling®’2 during the relatively short simulations that are the norm in gplied
work. Thus, to truly appreciate the performance of bindingree energy models, it is critical
to investigate not only the models' biases but also their vaances.

In this work, we studied the statistical properties of relawve binding free energy cal-
culations for a ligand relative to itself (self-RBFE) to asses the bias and variance of the
Alchemical Transfer Method (ATM) for systems relevant to stucture-based drug discovery.
Because the true value of a self-RBFE is known to be zero, we wable to estimate the
bias and the variance independently by running a series of regate calculations of the same
length. We found that, while ATM's self-RBFE bias is generallysmall, its variance can be
occasionally quite large. We found, in fact, that the magnitdes of the self-RBFE statistical
errors we measured here account for 50 to 90% the average ATKoes of recent RBFE
benchmarks on the same systenfs.This result is even more remarkable, considering that
self-RBFEs are more straightforward transformations andKely su er less bias than RBFEs
between dissimilar ligands. Overall, the results obtaineldere raise the tantalizing possibility
that a signi cant reduction of ATM's model error can be achiged by better conformational
sampling alone.

To begin along this path, we found that, for ligands that reaganize upon binding, large
statistical uctuations are caused by conformational trapjing of the ligands in their solution
conformations, thereby preventing proper equilibration etween unbound and bound states.

As a further con rmation, we established that accelerated metiynamics conformational
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sampling along torsional degrees of the ligand can signi ety reduce the statistical variance
of self-RBFEs, and, in one case (TMC125 vs. TMC278), it yieldean RBFE estimate in
closer agreement with the experiment.

The reorganization free energy of binding®®%"® also known in the literature as induced-
t and intramolecular strain, “4® has a profound e ect on binding a nities. %750 |t origi-
nates from the free energy cost for the ligand and the recept to assume binding-competent
conformations from their conformational ensembles wheref in solution. Thus, it is impor-
tant to capture reorganization e ects in alchemical bindingrree energy calculations. Often,
this requires accelerated conformational sampling algtrms to avoid conformational trap-
ping.** In this work, we accelerated the sampling of the intramoletar torsional degrees of
the ligand by employing a biasing potential derived from meidynamic$? that attens the
conformational landscape of the ligand in solution. This ggoach signi cantly enhanced
the convergence of binding free energy estimates for liganthat reorganize upon binding.
However, the more thorough exploration of the degrees of foean of the ligand unnecessar-
ily expanded the conformational sampling of ligands that dmot reorganize upon binding,
resulting in a slowdown rather than an enhancement of theirate of convergence. This ap-
proach also does not directly address the equally importantorganization of the receptor?
Nevertheless, here accelerated metadynamics conformatibeampling had a signi cant net

positive e ect in general, mostly by removing large outliers

Conclusions

We evaluated the self-RBFE technique to assess the intrinsstatistical uctuations of the
Alchemical Transfer Method (ATM) relative binding free enegy estimator. We illustrate
the approach to a small set of HIV-RT inhibitors and apply it to Brge datasets often used to
benchmark the accuracy of alchemical relative binding freenergy methods. We thoroughly

examined the variance and bias of the self-RBFE calculatiohs gain insights into the source
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of errors often observed when comparing calculated RBFEs tgperimental values. We nd
evidence that a signi cant fraction of these errors could beuw to statistical noise. Hence,
the reduction of statistical uctuations should be taken asa priority when attempting to
use the results of benchmarking studies to improve the acaay of free energy models. Self-
RBFE tests are limited to the validation of dual- and hybrid-topology alchemical relative
binding free energy methods. However, the results obtaineatde con rm the bene ts of
assessing free energy models in general by means of valatatests on transformations with
known true values, such as cycle-closufé,to assess the inherent statistical uctuations of
free energy estimators.

Notably, we nd that ligand reorganization is a signi cant contributing factor to the
statistical variance of binding free energy estimates anchat accelerated conformational
sampling of the degrees of freedom of the ligand can drastlgaeduce the time to conver-
gence. In this work, we employ a metadynamics-based approd@ohenhance the sampling of
slow torsional degrees of freedom of the ligand that oftenwse conformational trapping.

The additional computational cost of self-RBFE tests and metdynamics-based confor-
mational sampling and analysis of ligand conformational vability in solution is relatively
minor compared to the already high demands of relative binaly free energy campaigns and
the substantial bene ts coming from the greater reliabiliy and the deeper assessment of the

predictions. We recommend wide adoption of these practices
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Supplementary Information

AToM-OpenMM input les for the RBFE and MD simulations are publicly available on
GitHub at https://github.com/sheenam1509/self-rbfe.git
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Table 5: Self-RBFE estimates for the Syk complexes.

Ligand Gp(ATM) 2
CHEMBL3259820 -0.95
CHEMBL3264994 -1.22
CHEMBL3264995 -0.93
CHEMBL3264996 0.97
CHEMBL3264997 -0.48
CHEMBL3264998 -1.26
CHEMBL3264999 1.17
CHEMBL3265000 0.29
CHEMBL3265001 -0.02
CHEMBL3265002 -1.49
CHEMBL3265003 0.41
CHEMBL3265004 0.37
CHEMBL3265005 0.16
CHEMBL3265006 -2.75
CHEMBL3265008 0.51
CHEMBL3265009 -1.07
CHEMBL3265010 -3.77
CHEMBL3265011 -0.05
CHEMBL3265012 -0.51
CHEMBL3265013 -0.64
CHEMBL3265014 -0.05
CHEMBL3265015 -0.79
CHEMBL3265016 -0.96
CHEMBL3265017 0.03
CHEMBL3265018 1.39
CHEMBL3265019 -1.71
CHEMBL3265020 -0.42
CHEMBL326502 -1.15
CHEMBL3265022 0.15
CHEMBL3265023 0.56
CHEMBL3265024 -0.43
CHEMBL3265025 -0.64
CHEMBL3265026 -0.42
CHEMBL3265027 -1.19
CHEMBL3265028 0.37
CHEMBL3265029 -0.34
CHEMBL3265030 0.59
CHEMBL3265031 -1.05
CHEMBL3265032 1.40
CHEMBL3265033 -0.66
CHEMBL3265034 2.55
CHEMBL3265035 1.25
CHEMBL3265036 -0.57
CHEMBL3265037 0.21
AUE? o 0.86
averagé° 0:30 0:34

variance 1:23




Table 6: Self-RBFE estimates for the CDK8 complexes.

Complex Pair Gp(ATM) 2

13 0.01
14 0.16
15 -1.32
16 -0.27
17 -2.17
18 0.03
19 2.93
20 -0.65
21 0.85
22 1.75
23 0.44
24 -2.03
25 -0.87
26 0.48
27 0.50
28 -0.16
29 0.19
30 -0.38
31 -0.11
32 2.42
33 -0.14
34 -0.93
35 0.14
36 -1.05
37 -0.97
38 -0.95
39 1.25
40 0.25
41 -0.79
42 0.12
43 -0.37
44 -1.55
45 0.15
AUE? 0:80
averagé° 0:09 0:38
variance 1:23

a|n keal/mol. PIn (kcal/mol) 2 °Errors are reported as twice the standard error of the mean.
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Table 7. Self-RBFE replicates for a subset of the c-Met comples.
Replicate Gp(ATM) Gp(ATM+MetaD) @

CHEMBL3402742
1 -1.80 -0.79
2 0.12 0.21
3 -0.04 0.19
4 1.03 -0.21
5 0.76 0.47
averagé® 0:.01 098 0:03 044
variance’ 1:22 Q24

CHEMBL3402749
1 0.39 -0.10
2 1.49 0.20
3 2.39 -0.79
4 1.07 -0.90
5 1.20 -0.45
averagér° 1:31 064 0:41 042
variance’ 0:53 a21

CHEMBL3402755
1 -2.12 0.52
2 0.18 0.35
3 0.77 -0.07
4 0.91 0.54
5 -0.96 -0.49
averagéc 0:39 1.04 Q17 040
variance 1:38 Q20

a|n keal/mol. PIn (kcal/mol) 2 °Errors are reported as twice the standard error of the mean.
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Table 8: Self-RBFE replicates for a subset of the Syk complexe

Replicate Gp(ATM) Gp(ATM+MetaD)
CHEMBL3264999
1 1.17 2.15
2 -1.79 -0.32
3 0.93 0.83
4 -1.09 -2.65
5 0.71 -1.00
averagér° 0:01 120 0:20 1.60
variance’ 1:79 331
CHEMBL3265004
1 0.37 -0.46
2 -0.91 0.33
3 -0.26 -0.81
4 0.15 -0.48
5 1.44 0.70
averagé® 0:16 0:78 0:14 056
variance’ 0:75 Q40
CHEMBL3265034
1 2.55 0.56
2 -0.16 0.77
3 0.77 -0.90
4 -0.47 0.26
5 0.26 -0.01
averagé® 059 1:.06 Q14 058
variance’ 1:42 Q42
CHEMBL3265037
1 0.21 0.59
2 -1.00 -1.00
3 -0.47 1.10
4 0.21 0.02
5 0.02 -0.01
averagé° 0:21 046 Q14 070
variance’ 0:27 061

aIn keal/mol. PIn (kcal/mol) 2 °Errors are reported as twice the standard error of the mean.
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Table 9: Self-RBFE replicates for a subset of the CDK8 comples.

Replicate Gp(ATM) Gp(ATM+MetaD)
Ligand 17
1 -2.17 0.72
2 1.75 0.68
3 0.55 -0.61
4 -0.58 -1.11
5 1.09 -0.44
averagé® 0:13 1.38 0:15 074
variance’ 2:38 Q67
Ligand 19
1 2.93 1.18
2 1.58 -0.66
3 -1.39 0.21
4 3.34 0.29
5 -1.67 -1.34
averagé® 096 212 0:07 0:84
variance’ 5:61 Q93
Ligand 37
1 0:.97 152
2 0.26 Q055
3 034 0:65
4 0:26 1:15
5 0:40 0:13
averagé° 0:21 048 Q03 0:94
variance’ 0:28 109
Ligand 38
1 0:95 127
2 050 0:52
3 0:14 081
4 0:13 1.08
5 0:32 020
averagé° 0:21 046 Q14 084
variance’ 0:28 091

48

aIn keal/mol. PIn (kcal/mol) 2 °Errors are reported as twice the standard error of the mean.



Table 10: Reorganization free energy estimates for a subsétthe c-Met complexes.

Ligand Gu(ATM+MetaD) &P
CHEMBL3402742 076 0:90
CHEMBL3402749 265 0:80
CHEMBL3402755 274 076

3In kcal/mol. PErrors are reported as twice the standard error of the mean.

Table 11: Reorganization free energy estimates for a subsétthe Syk complexes.

Ligand Gy(ATM+MetaD) &P
CHEMBL3264999 A5 090
CHEMBL3265004 150 0:80
CHEMBL3265034 190 0:83
CHEMBL3265037 180 0:80

2In kcal/mol. PErrors are reported as twice the standard error of the mean.

Table 12: Reorganization free energy estimates for a subsétthe CDK8 complexes.

Ligand Gp(ATM+MetaD) &b

17 335 0:76
19 380 0:74
37 123 0:82
38 Q42 0:80

a|n keal/mol. PErrors are reported as twice the standard error of the mean.
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