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• To put useful science into Orion
• To establish more academic collaboration
• To create a physics-based model for permeability
• To stress test Orion
• To identify and implement algorithms that naturally exploit Orion’s 

parallelism model
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A quick intro to permeability
• Important for ADME/tox
• Permeability is defined as:

J = membrane flux
u = conc. of drug

• P is reported in units of cm/s
• Difficult to estimate computationally
• Expensive and time consuming to 

observe experimentally



Previous work using MD to predict permeability
Cormer and Chipot (and others) Novartis (Dickson, Hornak & Duca)

Amaro lab

Permeability of a Fluid Lipid Bilayer to Short-Chain Alcohols from
First Principles
Jeffrey Comer,† Klaus Schulten,‡,¶ and Christophe Chipot*,§,‡,¶

†Institute of Computational Comparative Medicine and Nanotechnology Innovation Center of Kansas State, Department of Anatomy
and Physiology, Kansas State University, Manhattan, Kansas 66506, United States
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*S Supporting Information

ABSTRACT: Computational prediction of membrane per-
meability to small molecules requires accurate description of
both the thermodynamics and kinetics underlying trans-
location across the lipid bilayer. In this contribution, well-
converged, microsecond-long free-energy calculations are
combined with a recently developed subdiffusive kinetics
framework to describe the membrane permeation of a
homologous series of short-tail alcohols, from methanol to 1-
butanol, with unprecedented fidelity to the underlying
molecular models. While the free-energy profiles exhibit
barriers for passage through the center of the bilayer in all
cases, the height of these barriers decreases with the length of
the aliphatic chain of the alcohol, in quantitative agreement
with experimentally determined differential solvation free
energies in water and oil. A unique aspect of the subdiffusive model employed herein, which was developed in a previous
article, is the determination of a position-dependent fractional order which quantifies the degree to which the motion of the
alcohol deviates from classical diffusion along the thickness of the membrane. In the aqueous medium far from the bilayer, this
quantity approaches 1.0, the asymptotic limit for purely classical diffusion, whereas it dips below 0.75 near the center of the
membrane irrespective of the permeant. Remarkably, the fractional diffusivity near the center of membrane, where its influence
on the permeability is the greatest, is similar among the four permeants despite the large difference in molecular weight and
lipophilicity between methanol and 1-butanol. The relative permeabilities, which are estimated from the free-energy and
fractional diffusivity profiles, are therefore determined predominantly by differences in the former rather than the latter. The
predicted relative permeabilities are highly correlated with existing experimental results, albeit they do not agree quantitatively
with them. On the other hand, quite unexpectedly, the reported experimental values for the short-tail alcohols are nearly three
orders of magnitude lower than the available experimental measurement for water. Plausible explanations for this apparent
disagreement between theory and experiment are considered in detail.

1. INTRODUCTION

Notwithstanding the considerable effort invested over the past
20 years to diminish the role played by pharmacokinetics in the
high rates of attrition that plague drug discovery,1,2

optimization of bodily absorption, distribution, metabolism,
and excretion remains of paramount importance in the search
of new therapeutic agents. Although poor pharmacokinetic
properties only partially explain the 15% likelihood of approval
of molecules entering phase I of clinical trials,3 reliable
prediction of these properties at an early stage of drug
development and preclinical research is desirable. Bioavail-
ability, the fraction of administered therapeutic agent that

reaches the systemic blood circulation, represents one of such
properties. It can be addressed by considering the ability of the
drug to survive the milieu of the gastrointestinal tract and
traverse the gut wall spontaneously toward its designated target.
In practice, drug bioavailability can be quantified by turning

to the concept of membrane permeability, which is defined as
the ratio of the net flux of the drug diffusing passively4 across
the lipid bilayer to the difference in concentration on each side
of the latter. At the experimental level, the permeability of a
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Calculating Kinetic Rates and Membrane Permeability from Biased
Simulations
Magd Badaoui,† Adam Kells,† Carla Molteni,‡ Callum J. Dickson,§ Viktor Hornak,§

and Edina Rosta*,†

†Department of Chemistry, King’s College London, SE1 1DB London, United Kingdom
‡Department of Physics, King’s College London, WC2R 2LS London, United Kingdom
§Global Discovery Chemistry, Computer-Aided Drug Discovery, Novartis Institutes for BioMedical Research, 181 Mass Ave.,
Cambridge, Massachusetts 02139, United States
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ABSTRACT: We present a simple approach to calculate the kinetic properties of
lipid membrane crossing processes from biased molecular dynamics simulations.
We demonstrate that by using biased simulations, one can obtain highly accurate
kinetic information with significantly reduced computational time with respect to
unbiased simulations. We describe how to conveniently calculate the transition
rates to enter, cross, and exit the membrane in terms of the mean first passage times.
To obtain free energy barriers and relaxation times from biased simulations only, we
constructed Markov models using the dynamic histogram analysis method
(DHAM). The permeability coefficients that are calculated from the relaxation
times are found to correlate highly with experimentally evaluated values. We show
that more generally, certain calculated kinetic properties linked to the crossing of
the membrane layer (e.g., barrier height and barrier crossing rates) are good
indicators of ordering drugs by permeability. Extending the analysis to a 2D Markov
model provides a physical description of the membrane crossing mechanism.

■ INTRODUCTION

For a drug to be effective, it has not only to bind strongly to its
target, but it is also required to have a good ADME
(absorption, distribution, metabolism, and excretion) profile.1

An important factor for the absorption and the distribution is
the drug’s ability to cross the cell membrane to reach its
target.2−4 This has become particularly important for drugs
that act in the central nervous system and have to cross the
blood brain barrier.1 This property is traditionally estimated by
the lipophilicity of the drug. However, taking into account only
the lipophilicity of the molecule does not allow to fully
understand the mechanism of membrane permeation (Figure
1), and for this reason, subsequent more refined models take
into account additional physical parameters, such as depth-
dependent partitioning and the resistance coefficient of the
membrane. For a fully quantitative description, it has become
fundamental to predict the kinetic behavior of drugs addressing
membrane interaction and permeation.1,5−8 Studies related to
the transport of small ligands crossing various phospholipid
membranes are the subject of increased interest in recent
years.5,9−13 There are also significant challenges to investigat-
ing this behavior experimentally. Eyer et al.14 proposed a
liposomal fluorescence assay method by which the permeation
of weak basic drug-like solutes across the lipid membrane can
be determined. However, details of membrane crossing

mechanisms at an atomistic level are still missing exper-
imentally.14

Thanks to the dramatic recent development of computer
technology, molecular dynamics (MD) simulations are now
capable of reaching biologically significant time scales and are
becoming widely used in the pharmaceutical industry.8,15−25 In
tandem with the improvement in simulation hardware and
software, an important role has been played by the
construction of mathematical models which allow the vast
volumes of MD data to be processed in a statistically optimal
manner. Markov state models (MSMs) have emerged as a
useful tool for analyzing and understanding the results of these
simulations. In fact, MSMs allow for the convenient
combination of multiple MD trajectories into a single kinetic
network model from which experimental observables and
kinetic rates can be computed.6,13,26−28

Using experimentally obtained permeabilities by Eyer et al.14

across a lipid membrane for seven structurally unrelated drugs
(Figure 2), Dickson et al.29 recently demonstrated that
accurate results for the permeability rates can be obtained by
running long unbiased MD simulations.29 By using an MSM

Special Issue: William A. Eaton Festschrift
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Predicting a Drug’s Membrane Permeability: A Computational Model
Validated With in Vitro Permeability Assay Data
Brian J. Bennion,†,# Nicholas A. Be,†,# M. Windy McNerney,†,‡ Victoria Lao,† Emma M. Carlson,§

Carlos A. Valdez,∥ Michael A. Malfatti,† Heather A. Enright,† Tuan H. Nguyen,⊥ Felice C. Lightstone,†

and Timothy S. Carpenter*,†

†Biosciences and Biotechnology Division, Lawrence Livermore National Laboratory, Livermore, California 94550, United States
‡War Related Illness and Injury Study Center, Veterans Affairs, Palo Alto, California 94304, United States
§U.S. Naval Academy, Annapolis, Maryland 21402, United States
∥Nuclear and Chemical Sciences Division, Lawrence Livermore National Laboratory, Livermore, California 94550, United States
⊥Global Security Directorate, Lawrence Livermore National Laboratory, Livermore, California 94550, United States
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ABSTRACT: Membrane permeability is a key property to consider
during the drug design process, and particularly vital when dealing with
small molecules that have intracellular targets as their efficacy highly
depends on their ability to cross the membrane. In this work, we
describe the use of umbrella sampling molecular dynamics (MD)
computational modeling to comprehensively assess the passive
permeability profile of a range of compounds through a lipid bilayer.
The model was initially calibrated through in vitro validation studies
employing a parallel artificial membrane permeability assay (PAMPA).
The model was subsequently evaluated for its quantitative prediction of
permeability profiles for a series of custom synthesized and closely
related compounds. The results exhibited substantially improved
agreement with the PAMPA data, relative to alternative existing
methods. Our work introduces a computational model that underwent progressive molding and fine-tuning as a result of its
synergistic collaboration with numerous in vitro PAMPA permeability assays. The presented computational model introduces
itself as a useful, predictive tool for permeability prediction.

■ INTRODUCTION
Most drugs need to pass through at least one cellular
membrane to reach their intended target. Although tight
binding of a drug molecule to its intended target is important
for potency, poor membrane permeability often translates into
poor or nonexistent in vivo efficacy. Thus, a detailed
understanding of the partitioning of a given species in the
membrane is vitally important from a pharmacokinetics and
rational drug design standpoint. In eukaryotic systems, two
possible transport modes are available for a molecule to pass
through a membrane: active and passive.1 Active transport
involves a transport protein that uses energy (e.g., ATP
hydrolysis) to shuttle a molecule across a membrane. In
contrast, passive transport, which is the most common mode of
drug passage through membranes, involves diffusion of a
molecule through the membrane with no outside assistance or
energy input. The rate of passive diffusion across a membrane is
proportional to the partition coefficient of the compound
between the membrane (lipophilic environment) and the
external medium (aqueous milieu), the diffusion coefficient of
the compound through the membrane, and the compound’s
concentration gradient across the membrane.2 Important

chemical properties of small molecules for the process of
membrane binding and diffusion are lipophilicity, molecular
weight, and measures of molecular polarity.3 Thus, the
development of a successful drug involves a fine balance
among all these properties in a molecular scaffold, which is no
trivial matter.
Membrane permeability is a key metric in the drug design

pipeline. A drug intended for an intracellular target, but with
poor permeability will have low efficacy. As a result of these
characteristics several well-characterized in vitro and in silico
permeability prediction methods have been developed. These
methods are relatively high throughput, and are important in
the early stages of the drug discovery process with some of the
most common and relatively simple in vitro methods being the
parallel artificial membrane permeability assay (PAMPA), the
immobilized artificial membrane (IAM) technique, and
immobilized liposome chromatography (ILC). The PAMPA
in vitro technique was developed in 1998 by Kansy et al.4 and
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LLNL  (T. Carpenter and co.)

ABF and FEP on 
a few short 
chain alcohols

Umbrella sampling 
simulations of 8 
drug-like molecules

LD simulations, 
Milestoning of 
codeine

Restrained PMF, 
MSM, etc. of many 
drug-like molecules
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Many long timescale processes are rare events

initial state

final state

Too much time 
spent here!

Not enough time 
spent here!



Weighted ensemble (WE) path sampling strategy

Huber & Kim, Biophys. J, 1996
Zhang, Jasnow, Zuckerman, JCP, 2010

Badi…Darve, Izaguirre, JCIM, 2014
Dickson & Brooks, JPC B, 2014

WE review: Zuckerman & Chong, Ann. Rev. Biophys. 2017

• Run multiple trajectory walkers in 
parallel and replicate ones that
make transitions to empty bins at 
fixed time intervals.

• Yields unbiased pathways.

• Rigorous weighting of trajectories 
enables calculations of rate 
constants.

Pathways are the mechanism.



Weighted ensemble is a statistical ratchet

1) gear

2) pawl

3) base

Illustration of a ratchet (wiki)
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1) gear

2) pawl

3) base

Illustration of a ratchet (wiki) Working ratchet (wiki)
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An overview of the WE algorithm

U(x)

x

bin 1

bin 2

bin 3

Probability:
1 1/41/2 1/8 1/16

start end

Zombie 
(stochastic) 

walker



Traditional CUP (un)dead guy quote
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bin 1
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bin 3

Probability:
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WE iter. = 0
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2 walkers req.

An overview of the WE algorithm
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bin 1
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An overview of the WE algorithm
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bin 1
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An overview of the WE algorithm



U(x)

x

bin 1

bin 2

bin 3

Probability:
1 1/41/2 1/8 1/16

WE iter. = 3

2 walkers: bin 1
2 walkers: bin 2
2 walkers: bin 3

An overview of the WE algorithm



Equilibrium properties can be reconstructed

DF(x)

x

Probability:
1 1/41/2 1/8 1/16



https://westpa.github.io/westpa
• Highly scalable. Nearly perfect 

scaling up to thousands of cores for 
simulations and analysis tools.

• Interoperable. Can be used with any 
stochastic dynamics engine (Amber, 
OpenMM, Gromacs, systems biology 
packages, etc.).

• Extensible. Straightforward to 
develop plug-ins (e.g. WExplore, WE-
based string method, LOOS)

Zwier et al. J. Chem. Theory Comput. 2015

Weighted Ensemble Simulation Toolkit 
with Parallelization and Analysis (WESTPA)

https://westpa.github.io/westpa


DeGrave, Ha, Loh, and Chong, Nature Communications, 2018.

WE efficiency scales exponentially with the effective 
free energy barrier

Ca2+



Direct computation of the ”basal” kon
Saglam and Chong, J. Phys. Chem. B, 2016.

Rational enhancement of biosensor kinetics 
DeGrave et al., Nature Comm., 2018.

Protein-peptide binding
Zwier et al., J. Phys. Chem. Lett., 2016.

Protein-protein binding
Saglam and Chong, Chemical Sciences, 2019.

Ca2+

The barnase-barstar system
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Recent WE-enabled applications
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The permeability floe in Orion
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How the permeability floe works
Input (smiles string):  CCCCO

Construct a 3D molecule

Solvate at correct 
r (packmol)

+

Add POPC 
membrane

Equilibrate

WESTPA (openMM)

(AMBER14, GAFF2, TIP3P) Output:
P(cm/s)



Forcefield and MD options
• FF: AMBER Lipid 14 | Gaff2| TIP3P
• MD engine: OpenMM

• Long-ranged electrostatics/VdW: PME/LJPME
• 1.0 nm cutoff is used for n.b. interactions

• Langevin integrator (T=308K, g=1ps-1, t=2fs)
• MC membrane barostat (P=1atm, T=308K, freq.=15)

• No HMR, No RESPA

Forcefields + MD engine

Cutoff

Integrators

Enhanced Sampling



WESTPA options
• Steady-state WESTPA simulations

• ‘s start at -2.7 nm and
end at +2.0 nm

• z = 0 is the COM of the membrane

• Simulation time = 10 ps
• 200 WESTPA iterations

• 55 bins; 0.1 nm/bin
• 5 walkers/bin
• 275 walkers total

• 8x V100 GPUs for WESTPA cube

0-2.0 2.0-2.7 2.7
z (nm)

WESTPA Binning Scheme
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Permeability results from 1-butantol
• Butanol enters 

membrane after about 
10 WE iterations

• Butanol crosses to the 
other side of the 
membrane after about 
60 to 80 iterations

• After 105 iterations, 
butanol finally exits 
the other side of the 
membraneenter

start

opp. 
leaflet

exit

z (A)



Permeability results from 1-butantol

• Time elapsed for WE simulation: 8 hours



Permeability results from 1-butantol

• Time elapsed for WE simulation: 8 hours
• Total cost of calculation: ~ $200  (8x V100)



Permeability results from 1-butantol

PWESTPA (cm/s) PCormer-Chipot (cm/s)+ P (cm/s)*

2.0 x 10-4 7.30-7.94 1.2 +/- 1.4 x 10-3

Computational Estimates Experiment

+ JCTC, 2017, v. 13, 2523-2532
* Biophys. J., 2004, v. 87, 1013-1033

• Time elapsed for WE simulation: 8 hours
• Total cost of calculation: ~ $200  (8x V100)
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Permeability on drug-like molecules

• 49 Drug-like molecules
• MDCK-LE expt. logP

ranges from -4.42 to 6.02 
cm/s

• All obey Lipinksi’s rule of 5
• All have a single basic 

center, with a pKA in the 
range of 8.5 to 10.5

• All have SMILES entries in 
CHEMBL



Molecules used for permeability testing

Short chain alcohols

Drug-like molecules



Molecules used for permeability testing

Short chain alcohols

Drug-like molecules



How the data sort of lines up (so far)

r2 = 0.61 [0.004, 0.932]

log(Pexpt cm/s)

lo
g(

P w
es
tp
a

cm
/s

)
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Actual dead guy quote

“For the beginning is assuredly the end –
since we know nothing, pure and simple, 
beyond our own complexities”

Zombie William Carlos Williams, Paterson

periodic boundary conditions

drug discovery research
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Conclusions
• We have a physics-based model for permeability built as a 

floe into Orion
• We estimate permeability in about 8 hours on 8x V100s
• Our permeability estimates are in the $200 to $500 range

Future Outlook
• Improve permeability calculations
• Work more on Novartis JCIM 2019 dataset
• Macrocyles
• Work on simplified PB model
• Ligand unbinding with WESTPA – intern this summer





MolSSI School on Open-Source Software for Rare-Event 
Sampling

June 8-9, 2020, University of Pittsburgh
Apply by March 15, 2020:

https://molssi.org/event/molssi-school-on-open-source-
software-for-rare-event-sampling-strategies/

https://westpa.github.io/westpa
Tutorials: Bogetti et al. LiveCoMS (2019)

https://molssi.org/event/molssi-school-on-open-source-software-for-rare-event-sampling-strategies/
https://westpa.github.io/westpa


Appendix



Why not calculate permeability experimentally? 
• A permeability experiment with a model membrane will 

cost on the order of a few $$ per compound.
• However, the compound must be synthesized (~$8k) and a 

PhD-level technician must run the experiment.
• Also, the turn-around time for a given compound is 

perhaps a month, if you’re lucky.
• In contrast, a physics-based model like this may cost on the 

order of $100 to $300 per compound, but it can be done 
at the virtual screening phase.

• Here, more compounds can be screened for potential 
issues early on, so experiments can be reserved for more 
compounds with a higher chance of success.


