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ABSTRACT

Aho, Noora
Molecular dynamics simulations of acids and bases in biomolecular environ-
ments
Jyväskylä: University of Jyväskylä, 2023, 78 p. (+ included articles)
(JYU Dissertations
ISSN 2489-9003; 614)
ISBN 978-951-39-9504-1 (PDF)

Proton transfer and pH are key features in determining the function of many
biological entities, such as lipid membranes and enzymes. Local pH defines the
protonation states of titratable groups, which by altering the electrostatic inter-
actions can affect the chemical processes in these biomolecules. In addition to
experimental research, continuously advancing computational methods are pro-
viding atomistic details of diverse biological processes. One of the common sim-
ulation methods for biological systems is molecular dynamics (MD). However,
in conventional MD the protonation states of titratable groups such as amino
acids in proteins are fixed, preventing the investigation of protonation events.
To overcome this limitation, so called constant pH molecular dynamics has been
developed during the last decades. In constant pH MD the pH is fixed and the
protonation of selected groups can alter during the simulation, enabling the study
of pH-dependent phenomena. In this thesis, MD simulations are performed to
complement experimental findings of proton diffusion on the surface of phos-
pholipid membranes. An accurate and efficient constant pH MD routine is imple-
mented into the GROMACS simulation software, together with corrections to the
CHARMM force field in order to more reliably sample the rotamers of titratable
amino acids. Together, these results demonstrate the benefits of a fast, flexible, and
free constant pH MD method in describing pH-dependent processes in biology.

Keywords: pH, proton transfer, protonation, molecular dynamics, force field
constant pH molecular dynamics



TIIVISTELMÄ (FINNISH ABSTRACT)

Aho, Noora
Molekyylidynamiikkasimulaatioita hapoista ja emäksistä biomolekulaarisessa
ympäristössä
Jyväskylän yliopisto, 2023

Useiden biologisten kokonaisuuksien, kuten entsyymien tai solukalvojen, toi-
mintaan vaikuttaa niitä ympäröivän liuoksen happamuus, jota kuvataan yleisesti
pH-arvolla. Paikallinen pH vaikuttaa atomitasolla biomolekyylien kemiallisten
ryhmien protonaatioasteeseen eli siihen, onko kyseisiin ryhmiin sitoutunut pro-
toni. Protonien sitoutuminen muuttaa molekyylien varauksia, jolloin niiden ja
ympäristön välisten sähköisten vuorovaikutusten suuruus voi muuttua. Tällä
on vaikutus biomolekyylien rakenteeseen ja niiden ominaisuuksiin, vaikuttaen
lopulta koko biologisen kokonaisuuden toimintaan. Kokeellisen tutkimuksen
lisäksi biomolekyylien toimintaa atomitasolla voidaan tutkia laskennallisesti
modernien tietokonesimulaatiomenetelmien avulla. Yksi yleisimmistä biologis-
ten systeemien tutkimiseen käytettävistä simulaatiomenetelmistä on molekyy-
lidynamiikka (MD). Perinteisten Newtonin mekaniikkaan perustuvien MD-
simulaatioiden rajoituksena on kuitenkin se, että kemiallisten ryhmien, kuten
aminohappojen, protonaatioaste ja siten varaus ei voi muuttua simulaatioiden ai-
kana. Tällöin pH:sta riippuvaisia muutoksia biologisissa kokonaisuuksissa ei voi-
da suoraan tutkia simulaatioissa. Tämän väitöskirjatutkimuksen tarkoituksena
on ensin täydentää kokeellisia havaintoja protoninsiirrosta fosfolipidikalvon pin-
nalla hyödyntämällä klassisia MD-simulaatioita. Väitöskirjan keskiössä on niin
kutsutun vakio-pH MD-simulaatiomenetelmän jatkokehittäminen GROMACS-
ohjelmistolle. Tämä laskennallisesti tehokas ja tarkka vakio-pH MD mahdollistaa
protonaatioasteen muuttumisen epäsuorasti MD-simulaation aikana, jolloin pH-
riippuvuus saadaan huomioitua simulaatioissa. Lisäksi vuorovaikutuksia ku-
vaavaan CHARMM-voimakenttään lisätään korjauksia, jotta aminohappojen si-
vuketjujen rotameerien mallintaminen olisi todenmukaisempaa vakio-pH simu-
laation aikana. Kokonaisuutena väitöskirjassa esitetyt tulokset havainnollistavat
pH:n tärkeyttä simulaatioparametrina, ja vakio-pH MD:n merkitystä biologisten
kokonaisuuksien laskennallisessa tutkimuksessa.

Avainsanat: pH, protoninsiirto, protonaatio, molekyylidynamiikka
voimakenttä, vakio-pH molekyylidynamiikka
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AA all-atom
AWH accelerated weight histogram
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CI charge interpolation
CpHMD constant pH molecular dynamics
CPU central processing unit
cryo-EM cryogenic electron microscopy
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FF force field
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GPU graphics processing unit
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1 INTRODUCTION

As scientists, our aim is to understand nature. Traditionally, this understanding
has grown from carrying out experiments, measuring relevant quantities and
drawing conclusions from the data. With the constantly growing power of
modern computers, however, computational simulation techniques have become
a comparable tool to study the laws, processes and phenomena of nature.
From a simulation point of view, understanding means developing models
and simulation techniques that are able to reproduce, supplement and predict
experimental findings.

If one is interested in studying the dynamics of biomolecules at atomistic scale,
as the author of this thesis, one of the most common computational methods
is classical molecular dynamics. Based on the fundamental laws of classical
mechanics, it can be applied to various sizes of biological systems ranging from
single molecules to entities such as viruses, spanning timescales from pico- to
milliseconds.

With the goal of mimicking experimental conditions, parameters such as
temperature and pressure are usually kept constant in classical MD. In turn,
the possibility to fix the pH of the surrounding solution constant during MD
has not conventionally been possible. Being unable to simulate at constant
pH, and dynamically change the protonation states of titratable groups prevents
investigating pH-dependent phenomena of biological systems with MD.

In the recent decades, however, so-called constant pH MD approaches have been
developed, which include pH as an input parameter and allow dynamic changes
of the protonation states and thus atomic charges. In this thesis, the author
presents an accurate and efficient constant pH MD approach implemented in
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GROMACS, which is one of the most popular open-access MD software used
to study biological systems computationally. The implementation, together with
best practices, provides the GROMACS user community a possibility to explore
the world of pH-dependent processes in biology, while openly providing details
of the actual constant pH program.

To summarize, the objective of this thesis is to connect the concepts of pH and
proton transfer from the biological point of view into the area of computational
techniques, especially molecular dynamics simulations. This is achieved by:

(1) presenting an example of computational work to support experimental
findings of proton diffusion on the surface of membranes (publication I)

(2) emphasizing the importance of including pH dependence in MD simula-
tions, by providing revised constant pH MD method for the popular GRO-
MACS simulation software (publication II), and

(3) providing general best practices for constant pH MD, together with correc-
tions to a common force field to better sample rotameric configurations of
amino acids (publication III)

The structure of the thesis is as follows: in the beginning, the basic theory of pH,
proton transfer, MD and constant pH MD are introduced, after which the main
results of the three publications listed above are presented and further discussed.
Together, the thesis provides a comprehensive look into the perspectives of pH
and protonation in MD simulations.



2 PH AND PROTON TRANSFER IN BIOLOGY

pH is a scale for describing the acidity or basicity of an aqueous solution. The
higher the concentration of protons (H+), or correspondingly the concentration
of hydronium ions (H3O+) in a solution, the more acidic it is measured, and vice
versa. By definition, pH is the decimal logarithm of the proton activity aH+ in
aqueous solution:

pH = − log10 aH+ ≈ − log10[H
+] (1)

The latter approximate definition states that when considering common
applications with low concentration of protons, the proton activity, meaning the
effective concentration of a non-ideal solution, can be replaced with the proton
concentration of the aqueous solution denoted with square brackets.

In chemistry and biology, solution pH is a key factor for determining the
structure, function and dynamics of various macromolecules. As examples of pH
dependent processes in nature, most enzymes have evolved to require a narrow
optimal pH range in order to reach the highest rate of activity, [1] and the ATP
synthase protein utilizes a transmembrane pH gradient to produce ATP as an
energy source for the cells. [2] As another example, changing the intracellular
pH affects multiple processes, such as cell growth, metabolism, and membrane
potential and transport. [3]

A simple acid-base dissociation reaction for a monoacid reactant can be written
as HA ⇀↽ A− + H+, where compound HA is the acid, A− the base and H+ the
hydrogen ion, or proton. For an acid-base reaction the equilibrium constant is
called the dissociation coefficient Ka, which describes the relative amounts of the
product and the reactant (namely the base and the acid) after the system has
reached equilibrium. The dissociation constant, however, does not specify the
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rate of the chemical reaction, but only its directionality. Ka is commonly defined
as pKa, using the negative logarithm expression

pKa = − log10 Ka = − log10
aA−aH+

aHA
≈ − log10

[A−][H+]

[HA]
(2)

As for the pH, the above expression for the dissociation constant is formally
defined for the activities of the compounds in solution ai. However, in usual
applications where the aqueous solution has a relatively low concentration,
activities can again be replaced by concentrations. Similarly to any chemical
reaction, the acid dissociation constant is also related to the standard Gibbs
energy of the reaction. A change in the pKa or a certain compound corresponds
to a change in the Gibbs energy of the reaction as follows:

∆G
 = −RT ln Ka = (RT ln 10)pKa (3)

Acid-base reactions are among the key reactions in biological systems, and
being able to quantitatively analyse the behaviour of these compounds in the
contexts of biological processes is essential. An acid donating a proton, and
thereby changing its protonation state alters the electrostatic interactions of the
compound relative to the surroundings. As the physical interactions and forces
change at the atomistic scale, the structure and even function of the entire
macromolecule may change.

For the scope of this thesis, a particularly interesting group of chemical
compounds is the organic amino acids. The most common alpha-amino acids
consist of an amino group, a carboxylic group and a side-chain group bonded
to a central α-carbon. A chain of amino acids connected from the amino and
carboxylic acid groups forms a peptide, and the peptides fold into proteins which
take part in many of the essential processes of cells. More precisely, in this thesis
we are mostly interested in titratable amino acids, which refer to those able to
donate or accept one or more protons in the side chain: aspartic and glutamic
acids, histidine, lysine, arginine, cysteine and tyrosine. Example structures,
together with the pKa values of the amino acid side chains in water, are shown
in Figure 1. It is important to notice that moving from aqueous solution to a
different electrostatic environment, such as a protein, the pKa value of the side
chain group may change.

Depending on the pH of the surrounding solution and the local electrostatic
environment in a protein, a titratable amino acid can be in different protonation
states, at simplest protonated (acid) or deprotonated (base). The protonation
states define the charges and the electrostatic interactions, and changes in
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FIGURE 1 Structures of four titratable amino acids being particularly considered in this
thesis: glutamic acid (Glu), aspartic acid (Asp), histidine (His) and lysine
(Lys). The pKa values for the sidechains of these groups are given [4, 5]. For
clarity, only the macroscopic pKa for His is given. For all amino acids, the
structure of the most probable protonation state at physiological pH = 7 is
shown: deprotonated Glu and Asp (- COO−), deprotonated His-E with the
proton at Nε, and protonated Lys (- N3H+).

protonation influence the structure and dynamics of proteins. To demonstrate,
Figure 2 shows an illustration of a protein with the key titratable amino acids
and dependence between protonation states and the pH. As mentioned above,
for example many enzymes have a relatively narrow optimal pH range. If the pH
of the surrounding solution is altered to a value beyond the optimal range, the
protonation states of titratable amino acids in this enzyme will change. This can
influence the structure of the active site, prohibit the optimal substrate binding
and the catalysis process, leading to even completely losing the catalytic function
of the enzyme. [1, 6]

Knowing the pKa values of certain groups is critical for describing a biological
process, which is why being able to measure these values is of high importance.
pKa values of titratable groups are commonly measured using titration methods,
both experimental and computational, where the common underlying idea is
to compute the relation between the concentration of the acid and the pH in
solution. The famous relation between pH, pKa and measured concentrations
is denoted as Henderson-Hasselbalch equation:

pH = pKa + log10
[A−]
[HA]

(4)

which can be straightforwardly derived from the definitions of pH and pKa
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FIGURE 2 Effect of pH on the protonation states of amino acid sidechains. As an
example, the water-soluble cardiotoxin V protein (PDB ID: 1CVO [7]), with
important titratable groups shown as stick representation. The zoomed-in
view shown one of the titratable aspartic acids. If the pH of the surrounding
solution is higher than the pKa of the Asp sidechain, the carboxyl group
prefers the deprotonated state with negative charge. Vice versa, if the pH is
lower than pKa, the protonated neutral state is preferred.

defined in in Equations 1 and 2, respectively. With the scope of this thesis,
the validity of the Henderson-Hasselbalch equation lies on the following
assumptions: the concentration of the protons in solution is low enough, the
acid of interest is monobasic following the simple dissociation reaction HA ⇀↽

A− + H+, and the acid is completely dissociating in water and not forming for
example ion-pairs.

The first experimental method from early 1900’s to determine the pKa and to
obtain a titration curve was potentiometric titration, where a known amount of
titrant is added step-wise to the unknown analyte solution. [8, 9] The change in
potential, corresponding to pH, is measured upon the reaction. An example of
a typical titration curve from a potentiometric titration experiment is presented
in the left panel of Figure 3. The equivalence point is reached as the amount
of added titrant completely neutralizes the analyte solution, and at the half-
equivalence point exactly half of the acid in the analyte solution has reacted
with the titrant, resulting in [HA] = [A−] or pH = pKa. However for extreme
pH values, higher temperatures, mixtures or complex molecules, other more
precise methods have been developed over the years. For example, pKa values
for smaller compounds such as drug molecules and photoactive dyes can be
measured using spectrophotometry. [10]. For proteins with multiple titratable
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amino acids determining pKa values becomes more challenging, and practically
only nuclear magnetic resonance (NMR) titration is capable to fully characterise
the pKa for each titratable site. [8,11] As the chemical shifts of NMR-active nuclei
depend on protonation states, measuring those as a function of solution pH
enables the determination of pKa values by NMR.

The lack of simple experimental techniques to determine pKa values for proteins
and other larger biomolecules has encouraged the development of computational
methods, especially during the last decades. The basic idea behind most of the
computational approaches is to estimate the free energy ∆G
 shift, and thus the
pKa shift, related to transferring the titratable group from solvent to the protein
environment presented as

pKa(protein) = pKa(solvent) + ∆pKa(solvent→ protein) (5)

as the free energy ∆G
 is directly related to the pKa as shown in equation 3.

The largest effect on the pKa shift from the solvent to the protein environment
arises from changes in the electrostatic interactions, whereas the van der Waals
interactions contribute much less. [12, 13] Therefore, the key of computational
methods to determine pKa values for titratable groups in proteins, relies on
calculating the electrostatic interactions accurately enough. There are different
levels of theory to describe the electrostatic interactions and to estimate the
pKa values, often divided to (i) empirical methods, (ii) macroscopic methods
based on continuum electrostatics and (iii) microscopic methods calculating the
electrostatic interactions at the atomic level.

Firstly, so-called empirical methods, [14–17] such as PROPKA [16] use the
structure of the protein to identify the location, interactions with the local
environment and desolvation effect of titratable groups, and based on these
estimate the pKa values by comparing to a large data set of measured
values. Despite being faster than macroscopic or microscopic approaches, the
mentioned methods rely entirely on static protein structures, and may result in
remarkable errors for example flexible proteins, deeply buried titratable sites or
transmembrane proteins. [18, 19] Recently, machine learning based methods to
predict pKa values of titratable groups in proteins have also been developed,
[20, 21] which use experimental pKa databases for training the machine learning
model.

The second category consists of macroscopic methods which utilize implicit
continuum electrostatics to compute the electrostatic part of the free energy
related to changing the local environment of the titratable group from solvent
to the protein. They are based on techniques numerically solving the Poisson-
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FIGURE 3 An example titration curve of glutamic acid side chain from experimental
potentiometric titration (left panel) and computational constant pH MD
simulation (right panel). Experimentally, the curve illustrates the
relationship between the titrant volume and pH, and the pKa is read from
the half-equivalence point (1/2 equivalence point), where exactly half of the
acid in the analyte solution has reacted with the titrant. In the computational
titration, the amount of deprotonated acid during the simulation is plotted
as a function of pH, and the pKa is read from the pH at which half of
the compound is deprotonated. The dashed line represents the fit to the
Henderson-Hasselbalch equation.

Boltzmann (PB) equation [22–30] or the Generalized Born approach. [31,
32] In these methods, the protein and solvent are modelled as continuous
media with low and high dielectric constants, respectively, and the titratable
groups inside protein as point charges. To improve the pKa estimation, the
macroscopic methods have also been refined and extended to include for example
conformational flexibility of the proteins. [33, 34]

Lastly, the atomic level microscopic methods are more accurate but also more
computationally expensive than the continuum based macroscopic ones. In
addition to the atomic level description of electrostatic interactions, their
advantage lies in the ability to include dynamic motion of the protein,
which is important for the local interactions of titratable groups and thus
pKa values. Despite the increasing power of modern computers, the most
fundamental microscopic quantum mechanical (QM) methods [35, 36] are
still excessively expensive for size scales of a protein system. Instead,
hybrid quantum mechanics/molecular mechanics techniques (QM/MM) or even
entirely classical molecular mechanics (MM) techniques with implicit or explicit
solvent description are applicable to determine the free energies. [13, 37, 38]

In addition to estimating the pKa values of titratable groups, it is essential to
gain knowledge of the dynamics of the protein or biomolecule at a specific pH,
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and connect changes in dynamics to changes in protonation states. Molecular
dynamics (MD) is one of the widely used computational methods to study atomic
level motions and interactions at the size scales of proteins. However, classical
MD does not enable changing the protonation states during the simulations, but
instead those must be set prior the simulations. This is especially problematic for
protein systems where the pKa values are close to the pH and the choice for the
protonation states, based on the aforementioned methods, becomes difficult.

In the last two decades so-called constant pH molecular dynamics (CpHMD)
methods have also been developed, and as they are the focus area in this thesis,
the CpHMD methods are reviewed in more detail in Chapter 4. In addition to pKa

estimation CpHMD can reveal details of the dynamics behind the protonation
events, and couple the sampling of atomic coordinates to sampling of protonation
states. Thus, CpHMD enables the investigation of pH-dependent processes at the
atomic level using computers. To demonstrate the possibility of computational
pKa estimation, a typical titration curve obtained using CpHMD is presented in
Figure 3, together with the experimental one. In this thesis, we have utilized both
classical MD simulations with fixed protonation states and CpHMD simulations,
both of which have their strengths depending on the system of interest.

As the acid-base dissociation takes place, the released proton H+ has to transfer
somewhere. The process of proton transfer from one molecule to another is a
central phenomena in various biological processes, such as proton diffusion on
the surface of membranes. If we consider an acid AH undergoing the dissociation
reaction and a negative base B− accepting the proton, the proton transfer reaction
can be presented as

B− + HA ⇀↽ [B− · · ·HA] ⇀↽ [BH · · ·A−] ⇀↽ BH + A−

where the square brackets denote intermediate hydrogen bonded complexes.
[39] Proton transfer can also occur from a protonated molecule to a neutral
molecule. As a chemical bond is broken while a proton transfer event takes place,
accompanied with motion along multiple degrees of freedom, the required free
energy for proton transfer can be relatively high. The acidity of the donor HA
and the basicity of acceptor B− in the local environment, namely their pKa values,
define the extent of proton transfer events and the free energy required in order
for the transfer to occur.

One of the fundamental proton transfer processes in biology is proton diffusion
(PD) across membranes. In order to follow PD and these fast proton transfer
events at nanosecond time scales, one possible technique is to embed a photoacid
(aryl-OH molecule) into a lipid vesicle mimicking the membrane. Upon
excitation of the light-induced photoacid a proton is released, and its diffusion
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along the membrane can be followed. [40] For the purpose of this thesis, an
example of such photoacid is shown in Figure 4, together with the excited-state
proton transfer (ESPT) scheme.

In ESPT, the photoacid is excited, and upon light excitation due to a large shift
in the pKa between the ground (ROH) and excited (ROH∗) states of the acid,
it releases a proton during the excited-state lifetime. As the proton is released
with rate kPT, ROH∗ deprotonates to RO−∗. The released proton can then further
diffuse to the surroundings or recombine to reform ROH∗ with rate ka.

The rate coefficients kPT and ka for ROH∗, together with the diffusion
constant and dimensionality, can be obtained experimentally using time-resolved
fluorescence techniques. The measured intensity of the ROH∗ decay profile
is fitted to a theoretical model, from which the parameters are resolved. [40]
To further investigate the behaviour of the system in addition to experiments,
classical MD simulations can be performed to reveal details of the photoacid
orientation in the membrane and the interactions between the proton-releasing
-OH group and the surroundings.

FIGURE 4 Above: Molecular scheme of a photoacid (C12-HPTS) embedded into a lipid
vesicle, and the atomic structure of this photoacid. Below: The excited-state
proton transfer (ESPT) cycle of a photoacid. The excited state photoadic
is denoted as ROH∗. Reprinted with permission from Nadav Amdursky,
Lin Yiyang, Noora Aho and Gerrit Groenhof. Exploring fast proton transfer
events associated with lateral proton diffusion on the surface of membranes.
Proceedings of the National Academy of Sciences 116, no. 7 (2019): 2443-2451.
Copyright 2019 National Academy of Sciences.
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To conclude, pH and proton transfer play an important role in biological
processes by controlling the function of various biological entities. Changing the
protonation states of titratable groups, by accepting or donating a proton leads to
changes in the electrostatic interactions. By modelling these interactions reliably,
we are able to simulate the dynamics of both atomic positions and protonation
states of biomolecules computationally, for which the methods will be introduced
in the next chapters.



3 MOLECULAR DYNAMICS

The origin of biological processes lies in the interactions between atoms and
molecules. As the basic physical laws of nature regarding interactions and
forces between molecules are known, theoretical predictions of the corresponding
processes are possible. Computer simulations have become a standard tool
to investigate atomistic scale phenomena in biochemistry. [41–45] In the recent
decades, the power and efficiency of computers has increased remarkably, and
new algorithms, software and hardware are constantly developed to better fulfill
the needs of researchers. Already since decades, molecular dynamics (MD) has
been one of the key computational methods to study various biological systems,
from picosecond to millisecond timescales, and from small biomolecules to cell-
scale complexes.

Within the scope of this thesis, the focus lies on classical MD simulations of
proteins and membranes at atomistic scale, with timescales up to a microsecond.
For the research presented in this thesis, MD provided the possibility to
use classical level description to explore the phenomena related to proton
transfer and protonation events in phospholipid membranes, complementing
experimental findings (publication I). In addition to performing classical
simulations, a constant pH MD method was implemented for the popular MD
software (GROMACS), enabling the sampling of protonation states along with
conventional dynamics (publications II and III).

The underlying idea of a molecular dynamics simulation is to take an atomic
structure of a molecular system, and evolve the time-dependent dynamics of the
system by applying classically described principles of physical interactions. In
practice, the system is built to mimic an experimental setup, often utilizing
experimentally resolved structures of biological macromolecules. Then, the
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simulation propagates in time by the laws of Newtonian mechanics for which
the force is integrated from the chosen potential function describing the physical
interactions between the atoms in the system. From the simulation trajectory,
which combines the coordinates of all atoms resolved for each time step, various
kinetic and thermodynamic properties can be analyzed in order to compare and
validate the used model, and to discover novel knowledge of atomistic scale
properties of the studied system.

In this chapter, the basic principles of MD are introduced, together with
discussion on the choices made within the scope of this thesis and limitations
of the method. In the next chapter 4, the theory of MD is extended in order to
take protonation dynamics into consideration.

3.1 Dynamics

The Hamiltonian function H(R) specifying the total energy of a classical
simulation system of N atoms can be written as the sum of kinetic K(R) and
potential V(R) energies:

H(R) = K(R) + V(R) =
Natoms

∑
i

mi

2
ṙ2

i + V(R) (6)

where R contains the Cartesian coordinates r = (r1, r2, . . . , rN) and velocities
ṙ = (ṙ1, ṙ2, . . . , ṙN) of all N atoms in the 3D cartesian space. The potential energy
term V(R) is revised in detail in the next section.

In the course of the MD simulation, both the positions ri and velocities vi of each
atom in the system are evolved by solving the differential equations of Newton’s
second law:

mi
d2ri

dt2 = Fi(R), i = 1 . . . N (7)

where Fi is the force acting on each individual atom i. The force is computed by
solving the gradient of the interaction potential V(R) as

Fi(R) = −∂V(R)

∂ri
(8)
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Practically, the equations of motions are impossible to be solved analytically for
the many-body system of N atoms, as the motions of these atoms are coupled.
Therefore, finite difference methods have to be used, where the integration is
performed in small timesteps ∆t. [46] The assumption is that the force Fi is
constant during a timestep and calculated for each atom i. The positions and
velocities are calculated using algorithms based on formulating the positions and
velocities as truncated Taylor series expansions, and most popular algorithms
being the Verlet [47] and leap-frog [48] algorithms. In addition to aforementioned,
also stochastic (Langevin) dynamics can be used in molecular simulations. In
Langevin dynamics, an additional term for friction and noise are added to the
Newton’s equations of motion. [49,50] The idea behind these terms is to describe
damping due to surrounding solution or air and perturbation due to occasional
collisions, and to control the temperature of the system. For a schematic diagram
of the MD routine, please see the corresponding illustration in Figure 9 of the
Results chapter.

3.2 Thermodynamics

In an experiment, macroscopic average properties over a large number of
particles and long enough time are measured. From a simulation trajectory,
which is a collection of frames along a much shorter time than real-world
experiments, only microscopic properties can be calculated. The essence of
being able to reliable compare MD simulations to experiments lies in the ergodic
hypothesis: it is assumed, that during the long enough stochastic simulation
the system would sample sufficiently the typical configurations, after which the
macroscopic properties can be obtained as time averages of the microscopical
quantities by means of statistical mechanics. [51]

Statistical mechanics connects the microscopic ensembles of a large number of
particles to the macroscopic, measurable world. In terms of statistical mechanics,
for a classical system in thermal equilibrium the ensemble average for quantity
A can obtained by integrating over the phase space, and be written as [52]

Ā =

∫
Ae−H(r,p)/kTdrdp∫
e−H(r,p)/kTdrdp

(9)

where Ā is the ensemble average, H(r, p) the Hamiltonian of the system in terms
of 3N position coordinates r = (r1, r2, . . . , rN) and 3N momenta coordinates
p = (p1, p2, . . . , pN) of the N atoms in the system, k the Boltzmann constant
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and T the temperature of the system.

As the ergodicity assumption holds, and the MD simulation is assumed to sample
the relevant phase space reliably over the simulation time, the ensemble average
may be replaced by a time average over the discrete simulation steps τi [52, 53]:

Ā =
1
τ

τ

∑
τi=1

A(r(τi), p(τi)) (10)

where τ denotes the total simulation time, and A(r(τi), p(τi) is the quantity A that
is measurable at each time step τi in the simulation. Crucial is that the quantity
A can be expressed as a function of positions r and momenta p of the atoms
recorded in the simulation. The above also assumes that the observed quantity
does not depend on the initial coordinates and momenta.

If all forces in the system are due to the interaction potential energy of the system,
the total energy (E) of the simulation system is conserved. If in addition the
number of atoms (N) and the volume (V) of the simulation unit cell are constant,
the MD simulation is being performed in the microcanonical (NVE) ensemble.
Furthermore, if the temperature (T) instead of total energy is kept constant, the
simulation is said to be performed in the canonical (NVT) ensemble. The NVT
ensemble is often used in the shorter equilibration simulations prior the actual
MD. Most often the actual MD simulations are then performed in the isobaric-
isothermal (NPT) ensemble, mimicking the experimental conditions, where both
temperature and pressure (P) are kept constant.

Maintaining constant temperature and pressure during MD is done by utilizing
thermo- and barostats, for which common methods include the Berendsen, [54]
stochastic velocity rescale (v-rescale) [55] or Nose-Hoover [56, 57] thermostats,
and Berendsen, [54] Parrinello-Rahman [58] and the recent cell rescaling (c-
rescale) [59] barostats. Currently, in the GROMACS software [60] which was used
for MD simulations in the work related to this thesis, the v-rescale and c-rescale
thermo- and barostats are recommended, as they both sample the canonical
ensemble correctly and decay fast to the desired temperature or pressure. Before
these rescaling algorithms were introduced, a common approach was to use the
Berendsen thermo- and barostats during equilibration simulations to converge
fast to the desired values, after which change to Nose-Hoover or Parrinello-
Rahman algorithms in order to preserve the correct ensemble.
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3.3 Potentials

In classical MD, quantum mechanical effects and particles such as electrons
are ignored in the simulations, and the total potential energy of the system is
calculated by only considering the nuclear positions of the atoms. [46]. Validation
for this simplification originates in the Born-Oppenheimer approximation, which
states that nuclei and electrons can be considered separately due to their
significant mass difference. [61] The interaction potential V(R) in Equation 6 can
have various forms, depending of the level of accuracy in describing the physical
interactions between the individual atoms in the system.

The functional forms of these potentials, with a set of parameters to describe
the atoms, is called a force field. Commonly, a force field consists of relatively
simple intra- and intermolecular interaction terms, that are often divided to
bonded and non-bonded interactions. Bonded interactions include the stretching
of covalent bonds, opening and closing of angles defined with three atoms,
and dihedral rotations around bonds defined with four atoms. All bonded
interactions originate from "energetic penalties" due to deviations of bond lengths
or angles from their equilibrium values. Non-bonded terms include the pair-
additive van der Waals and electrostatic interactions between the atoms in the
system. One example of a common force field description (of the CHARMM36
force field, [62], used for many simulations of this thesis) is:

V(R) = ∑
bonds

1
2

kb(b− b0)
2 + ∑

angles
kθ(θ − θ0)

2 + ∑
dihedrals

kφ(1 + cos(nφ− δ))

+ ∑
impropers

kω(ω−ω0)
2 + ∑

U-B
ku(u− u0)

2 (11)

+ ∑
i,j<i

4εij

(σij

rij

)12

−
(

σij

rij

)6
+ ∑

i,j<i

qiqj

4πε0rij

In the above expression, the first five potential terms describe the bonded
interactions. Bonds and angles are modelled as harmonic potentials, with bond
length b between two atoms, angle θ between three atoms, equilibrium values b0

and θ0, and force constants kb, and kθ. The bond lengths and angles are calculated
from the atomic positions ri. The equilibrium values and force constants are
defined in the force fields. When simulating biological systems with MD, the
highest frequency vibrations of hydrogen bonds are usually prevented by using
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special constraints to fix their bond lengths (and angles for water molecules).
This is done typically by applying the LINCS [63] and SETTLE [64–66] constraint
algorithms for non-water and water molecules, respectively. By neglecting these
fast degrees of freedom a larger timestep can be used, which improves the
efficiency of MD simulations. A typical timestep for MD simulations is thus 2 fs,
as using an even larger one would introduce high errors during the integration
of the equations of motion.

The dihedral potential is divided into two: (1) the periodic proper dihedral
potential for torsion angle φ, with force constant kφ, multiplicity n (i.e., the
number of minima) and the reference value δ, and (2) the harmonic improper
dihedral potential describing planar structures, with torsional angle ω, force
constant kω and reference value ω0. The potential of CHARMM force fields also
contains a special Urey-Bradley (U-B) term, purpose of which is to restrain the
bond stretching due to angle vibrations. In addition to the introduced terms, the
recent CHARMM force fields also contain a CMAP correction potential. CMAP is
a correction map for the backbone dihedral energies for pairs of phi/psi angles,
and its purpose is to improve sampling of the backbone configurations. [67]

The two last potential terms describe the van der Waals and electrostatic
interactions, respectively. The van der Waals interaction is often described
using the Lennard-Jones (L-J) potential, [46] which includes (1) the short-range
repulsive forces between any two atoms due to Pauli’s exclusion principle (∝
1/r−12) and (2) the long-range attractive forces due to dispersion (∝ 1/r−6).
While the latter 1/r−6 term describing the dispersion has a quantum mechanical
justification, the form 1/r−12 for the repulsive term is mainly a convenient
computational choice: easy to calculate as the square of 1/r−6, yet approximating
the Pauli repulsion well enough. In the equation, σ is the separation between
atoms at which the potential is zero, and ε the well depth of the potential. The
long-range electrostatic interaction between any two atoms is described using
the Coulomb’s law, where qi and qj are the charges of the atoms, ε0 the vacuum
permittivity and rij the distance between the atoms.

Computing the long-range forces between all atoms in the system is an extremely
demanding task. Practically in an MD simulation, either cut-offs, reaction field
methods [68] or Fourier-based algorithms are applied to simplify the calculations.
In the context of the simulations part of this thesis, L-J potential was simply
truncated and shifted to zero after a certain cut-off distance, since the attractive
long-range part decays relatively fast. For the electrostatic interactions, where
including the long-range part is more crucial, a common Fourier-based Particle
mesh Ewald (PME) method was used. [69, 70]

The force field includes both the functional form of the potentials describing
the physical interactions between classical atoms, and the associated parameter
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sets. A usual procedure in force fields of biomolecules is to define certain atom
types, for which a set of parameters is derived either from experimental data
or quantum chemistry calculations. [71] Each atom in the simulations system is
assigned an atom type, and thus a set of parameters, that most reliably represent
the properties of this particular atom with respect to the local environment. As
an example, the carbon atom can be assigned a different atom type depending on
the bond multiplicity. In addition to all-atom (AA) force fields, the representation
can be reduced in order to increase the efficiency and simulate larger systems for
longer timescales. So-called coarse-grained (CG) force fields use beads instead of
atoms (i.e mapping four heavy atoms to one bead) and different potential forms.

It is crucial to remember that all force fields are empirical, and there is no unique
method on how to translate the QM effects into parameters describing a classical
system. Therefore, different force fields are often non-compatible, and should bot
be mixed to describe separate molecules inside a simulation system. [71] Further
limitations regarding the usage of force fields is discussed in section 3.5.

In the simulations of this thesis, the following force fields were used: all-atom
CHARMM36 [72] and coarse-grained Martini [73, 74] for MD and CpHMD
simulations of soluble proteins, and GAFF (Generalized Amber Force Field)
[75] and Amber-compatible SLipids [76, 77] for describing a photoacid dye
embedded in phospholipid membrane. Most widely used force fields for
simulating biological systems commonly contain a different set of parameters
for amino acids, lipids, nucleic acids, solution molecules and ions, additionally
also carbohydrates, polymers, small ligands or drug molecules. If the simulation
system of interest would contain molecules not defined in the force field, the
molecules need to be parameterized for a specific force field prior to the MD
simulations. In the Results section regarding publication I, the parameterization
process of a photoacid dye molecule is shared.

3.4 Simulation systems

Setting up a simulation system for MD begins with selecting a relevant structure
for the system of interest, either from experimental or available simulation
data. In this thesis, the simulation systems were water-soluble proteins or
phospholipid membranes. In the case of proteins, the initial atomistic structures
are most commonly resolved experimentally by NMR [78], x-ray crystallography
[79] or cryo-EM [80] methods. For membranes, different tools and libraries
such as CHARMM-GUI [81, 82] can be utilized to setup a bilayer consisting of
various types of phospholipids. A highly important feature when selecting the
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components for a simulations system is that there must exist comparable force
field parameters for all parts.

After selecting the initial structure for the macromolecules of interest, another
important step is the choice of description for the surround solution. The
most common solute in biological system is water, for which various models of
different accuracy have been developed. Water can be modelled either with an
implicit or explicit method. The implicit water model represents the water as a
continuous medium with approximate properties, and it is computationally less
demanding. In the explicit water model, which is commonly used nowadays on
efficient computers, each water molecule is represented explicitly as a collection
of atoms. For the all-atom simulations of this thesis, the explicit TIP-3P [62, 83]
water model was selected, due to its applicability and validated performance
in protein simulations. For the coarse-grained simulations, polarizable water
particles were used. [74] In addition to solution, a physiologically relevant
concentration of ions, specific for each simulation system, are added. Ions, such
as Na+ and Cl−, are important for both biological processes (such as protein or
membrane kinetics) and neutralization of the total charge of the system. [84–86]

In practice, the simulation system is not infinite, but has boundaries. The
effect of these boundaries on the system of interest should be kept as modest
as possible, commonly achieved by using periodic boundary conditions (PBC).
The PBC approximate an infinitely large system by repeating the simulation box
as a space-filling array. With PBC, the so-called minimum-image convention
is used, meaning that for each particle only the nearest image is considered
when computing the short-range non-bonded interaction terms. [53, 87] The
commonly used PME method for long range electrostatic interactions is designed
for periodic systems. [69, 70]

3.5 Limitations

Computer simulations of many-body systems are never exact. The methods
are always based on approximations and verified against experimental data or
other simulation results. In order to perform trustworthy, quality simulations
that provide useful results for the community, the simulations must be designed
carefully for the specific scientific question.

There are numerous limitations affecting the accuracy of all computational
methods, including MD. First of all, even though the force fields for MD
simulations are constantly improving, they are essentially approximate. The
choices of functional forms and parameters that describe the interactions in
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molecules are ultimately based on choices, and in most cases highly specific for
a certain type of biomolecule. [88] Secondly, in addition to force field accuracy,
also the accuracy of the initial structure limits the reliability of the simulation
results. If no high-resolution initial structure corresponding to the desired
conditions exists, the results of MD can be highly biased. [45] The validity of
the simulation model should be confirmed either by experimental results or
corresponding simulation data, by comparing for example hydrogen bonding,
order parameters, protein folding or membrane properties. [72, 89, 90] Thirdly,
the classical level of theory prevents bond breaking or formation in standard
MD simulations. Protonation states of titratable groups are chosen for the initial
structure using experimental of empirical knowledge of the system, and they stay
fixed throughout the simulation time. With the scope of this thesis, the limitation
of no bond breaking is bypassed using a special constant pH MD method, where
titratable groups can change the protonation state. Still, even in the constant
pH MD approach, physical bonds are not broken, just the partial charges of the
proton are interpolated to zero.

Lastly, a major limitation for simulations of larger biomolecular systems, such as
proteins or membranes, is the ability to sample long enough timescales. Sampling
the relevant conformational space of larger systems might take up to and over
micro- or milliseconds, which might be beyond the limits even for modern
supercomputers. Using statistical analysis methods to draw conclusions from
a too small set of simulation trajectories is dangerous, and can considerably
bias the results. Whenever possible, the results should be validated either
by experimental data or comparing to simulations of similar systems, before
drawing significant conclusions.



4 CONSTANT PH MOLECULAR DYNAMICS

Molecular dynamics (MD) can simulate systems in different thermodynamics
ensembles in order to model experimental conditions, most often constant
temperature, volume or pressure. An important, yet often ignored variable
in MD simulations is the aqueous proton concentration, pH. As discussed in
Chapter 2, pH together with the local environment defines the most probable
protonation states of titratable groups, which in turn can affect even the dynamics
and function of entire macromolecules.

Even though pH is a key variable for various biological processes, classical MD
simulations were originally not designed to be performed at constant pH, in
contrast to experiments. The ordinary approach to indirectly include pH in MD
simulations is to set up the simulation system by selecting the most probable
protonation states for each titratable group. The selection is carried out for
the initial structure of the simulated molecule, and is based on experimental
or computational pKa prediction for which different methods are discussed in
Chapter 2, or simply on an enlightened guess based on the pH. As the initial
protonation states are kept fixed throughout the simulation, the protonation
of titratable groups, such as amino acids or lipids, is not allowed to change
dynamically. Therefore, pH-dependent processes have been challenging to study
with classical MD simulations.

In order to include the effect of pH in MD simulations, various methods have
been introduced, referred to as constant pH molecular dynamics (CpHMD). In this
chapter, the various CpHMD methods and their main properties and differences
are summarized. Then, the theory of a recent CpHMD implementation by the
author of this thesis and her colleagues for GROMACS is presented in detail.



34

4.1 A brief history of constant pH MD

As the name of the method reveals, constant pH molecular dynamics enables
simulating biomolecular systems at constant pH (in addition to constant
temperature, volume or pressure). CpHMD makes it feasible to carry
out simulations that enable proton transfer between titratable groups and a
imaginary proton bath at a desired pH. CpHMD is designed not only to
predict the pKa values of certain titratable groups by titration, but also to
study the dynamic changes of protonation states of titratable groups during a
MD simulation. As the charge, and thus electrostatic interactions, depend on
the protonation state of a group, a direct correlation exists between pH and
sampling of the configurational space. The possibility of titratable groups to
alter the protonation states during a simulation depending on the pH and local
environment provides a possibility to follow pH-dependent processes with MD
simulations. [18, 91]

Since the beginning of this millennium, CpHMD routines with different
underlying methods and focus areas have emerged. To clarify the history
and available CpHMD methods for different softwares, Table 1 lists the main
CpHMD methods released for the most popular MD simulation softwares:
GROMOS96/GROMACS [60], AMBER [92], CHARMM [93] and NAMD [94].
In the table, the CpHMD routines from various research groups for different
MD software are categorized based on the two main features: representation
of the protonation states of a titratable group (discrete or continuous) and
representation of the solvent (implicit or explicit).

In the discrete CpHMD, [12, 96, 97, 100, 101, 109] the underlying idea is to use a
Monte Carlo (MC) scheme between a certain number of MD steps to estimate
the free energies for changing the protonation state, and make instantaneous
discrete changes between the states. In contrast to the continuous methods,
discrete CpHMD only samples the physically relevant protonation states. The
different discrete CpHMD approaches developed over the years vary mostly
in the solvent description, discussed in detail in a little while, used during the
MD and MC steps, and the choice of method to estimate of the free energy
of changing the protonation state for the MC step. The early implementations
in GROMOS96 software from Bürgi et al. [12] and Baptista et al. [96] describe
the solvent explicitly during MD, while the free energy for the MC step is
estimated using more expensive thermodynamic integration (TI) for the first
and computationally cheaper PB continuum electrostatics for the latter. The
discrete CpHMD methods implemented in AMBER and CHARMM rely on the
implicit GB description for both the MD and MC steps, [97,100,101] making them
computationally efficient. The discrete methods have been shown to accurately
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protonation solvent

year corr.author cite software disc cont impl expl

2001 Hünenberger [95] GROMOS96 empirical (?)

2002 Bürgi [12] GROMOS96 × ×

2002 Baptista [96] GROMOS96 × ×

2004 McCammon [97] AMBER × ×

2004 Brooks [98] CHARMM × ×

2005 Brooks [99] CHARMM × ×

2010 Roitberg [100] AMBER × ×

2011 B. Brooks [101] CHARMM × ×

2011 Shen [102] CHARMM × ×

2011 Grubmüller [103] GROMACS × ×

2012 Brooks [104] CHARMM × ×

2012 Shen [105] CHARMM × ×

2014 Brooks [106] CHARMM × ×

2016 Grubmüller [107] GROMACS × ×

2016 Shen [108] CHARMM × ×

2017 Roux [109] NAMD × ×

2018 Shen [110] AMBER × ×

2022 Hess [111] GROMACS × ×

2022 Shen [112] AMBER × ×

TABLE 1 A brief summary of the main constant pH MD methods. For each method the
following information is listed: year of publication, name of corresponding
author, citation, software, representation of protonation states (discrete or
continuous) and representation of solvent (implicit, explicit or hybrid if × is
in between). Note: there have been arguments to describe the first proposed
method as an empirical one [113] and therefore it will be left uncategorized.

predict pKa values of proteins [114] and lipids [115], and to study the pH-induced
conformational changes in proteins and other biomolecules. [116–118]

Continuous CpHMD methods [98, 99, 102–108, 110–112] are based on the λ-
dynamics approach [119] developed by Brooks et al. for calculating free energies
from simulations. Originating from the early work of Mertz and Pettitt, [120] the
basic idea of continuous CpHMD is to assign a λ-coordinate for each titratable
state, and to update its value continuously during the MD simulation along
with the atomic coordinates or the system. The underlying theory behind the
λ-dynamics based continuous CpHMD is described in more detail in section
4.2, where our implementation for GROMACS is introduced. As well as the
discrete methods, continuous CpHMD can be combined with both implicit
or explicit solvent, but especially the recent implementations of continuous
CpHMD utilize the fully explicit solvent, being more accurate but also more
computationally expensive. [103–106, 108, 112] Continuous CpHMD approaches
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have been successfully applied to for example predict pKa values [121–123] and
to study the pH-dependent conformational changes in proteins. [124–127] In
contrast to instantaneous jumps between physical protonation states in discrete
CpHMD, the continuous CpHMD contains intermediate states that leave time
for the local environment to relax upon the charge chance. At the same time,
sampling of these unphysical intermediate states should also be kept minimal,
achieved by using additional biasing potentials.

In both discrete and continuous CpHMD, the proton transfer is not explicitly
modelled and covalent bonds not broken, but instead charges are interpolated to
zero and the proton-solvation free energy is taken into account when updating
the protonation states. In addition to CpHMD, also methods combining
classical MD with explicit proton transfer have been developed. These methods
utilize various approaches, such as reactive FFs or proton hopping, and they
include the breakage of covalent bonds and transfer of the excess proton
explicitly. [128–134] Challenges of these approaches to incorporate pH into
large-scale simulations include a heavy parameterization process, computational
inefficiency and sampling the incorrect thermodynamic ensemble.

As mentioned, the solvent in MD can be modelled either implicitly or explicitly.
Implicit solvent models represent the solvent as a continuous low-dielectric
medium instead of explicit solvent molecules, making them computationally
efficient while still being able to reproduce the general behaviour of solvents in a
biomolecular environment. Most of the implicit solvent models used in CpHMD
simulations are based on the Generalized Born (GB) solvent model, which by
approximating the Poisson-Boltzmann equation describe the electrostatics of a
solvent surrounding a solute. [135–137] However, implicit solvent models are
not able to describe more complex heterogeneous systems such as membrane
proteins or systems in which modelling interactions with explicit water molecules
are crucial.

In contrast, the more realistic explicit solvent models, where each solvent
molecule is treated as separate, are both computationally more expensive but
also provide the direct solvent interactions with the solute. Examples of widely
used explicit water models include the SPC/E [138] and TIP3P [83, 139] (or
TIP4P/TIP5P [83] with more sites) models. In addition to purely implicit or
explicit, a discrete CpHMD approach can also utilize a hybrid scheme in order
to improve the efficiency. In the hybrid scheme, an explicit solvent model is
used during MD simulations for sampling of atomic coordinates, and an implicit
solvent model for calculating the free energy of (de)protonation events during
the MC steps.

In addition to the two main features of CpHMD for the representation of the
protonation states and the solvent, there are also more details distinguishing
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the various implementations. Firstly, in the CpHMD methods utilizing explicit
solvent, it is highly important to maintain neutrality of the simulation box
during the simulations. [86] As protonation states, and thus partial charges, are
allowed to dynamically change during CpHMD simulations, the total charge
of the simulation box can fluctuate. A non-neutral box could lead to artefacts
when the electrostatic interactions are calculated using Ewald-based methods,
[86] which is why the total charge should be kept neutral in CpHMD simulations
that utilize PME. Charge neutrality in has been achieved either by directly
coupling the titratable groups to a remote water molecule or ion, [105, 108] or by
introducing titratable buffer particles that collectively take up the excess charge
of the titratable groups, [107, 111] which has a few advantages. Firstly, there is
no need to add position restraints to the many buffer particles as they only carry
a small charge, and strong interactions or binding to the system of interest are
avoided. Secondly, introducing many buffers with small charges also results in
smaller disruption of the hydrogen bond network of the water molecules. For
the CpHMD methods utilizing only implicit solvent description, the change of
charges during (de)protonation events has no effect by nature.

Secondly, the continuous CpHMD methods can be divided based on the
possibility to include chemically coupled titratable sites within one titratable
group. In these groups, the force field parameters of one site are dependent
on the protonation of the other sites in the same group. A common example
of a multisite group is histidine, an amino acid with two titratable sites
defining three relevant protonation states. Such groups have been represented
in few continuous CpHMD methods by directly coupling the potential energy
functions of these titratable sites. [99, 103] Another, computationally more
efficient, approach is to use a so-called multisite approach, [140] where separate λ-
coordinates are introduced to describe each protonation state, and the sampling
of these coordinates is restricted to a plane connecting the physical states, using
a constraint function. [101, 104, 106, 111]

Lastly, also relevant for the continuous CpHMD methods, the choice of
interpolation when calculating the electrostatic interactions of the λ-coordinates
affects the computational efficiency. In general, the continuous CpHMD methods
utilize linear interpolation of either potential energy functions [96,97,101,103,110,
141] or partial charges [98,99,108,111,112] to compute these interactions of the λ-
coordinates. Interpolation of potential energy functions results in additional force
calculations during the simulation, introducing a linear scaling of simulation
speed as more titratable groups are added. [111] Described in detail in the next
section, charge interpolation linearly interpolates between the partial charges of
both states, in principle resulting in no dependence on the number of titratable
groups but a comparable performance to standard MD. In the latest CpHMD
implementations with CI and efficient algorithms to calculate the electrostatic
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interactions, the superior computational efficiency enables the study of larger and
more complex pH-dependent systems and phenomena.

In CpHMD, the conformational dynamics and sampling of protonation states
are coupled, which can lead to slow convergence, especially related to dihedral
degrees of freedom in proteins [142, 143] and when obtaining accurate pKa

values. Slow convergence can prevent studying of larger systems, such
as pH-dependent protein complexes. In order to overcome this sampling
challenge, the proposed solution has been to modify the torsional barriers of
amino acids side chains. [98, 143, 144] Another attempt to enhance sampling
of protonation states and conformatios has been the introduction of so-called
pH replica-exchange (pHREX), [100, 102, 105, 106, 108, 110] which combines
CpHMD with pH replica-exchange. In pHREX, independent replicas at different
pH are run simultaneously, and with a given frequency the configurations at
different pH runs are exchanged based on a Metropolis criteria. In order to
access longer simulation times and to increase sampling of both protonation
and configurational spaces, various CpHMD methods have also been recently
implemented to run on GPUs. [111, 112, 145, 146]

The methodological choices for the various CpHMD implementations together
with the selected software affect accuracy, generality and efficiency of method.
It can of course be debated which choices lead to most accurate results and
should be taken into account when implementing a new CpHMD method. As
mentioned, both the aforementioned discrete and continuous CpHMD have their
pros and cons, depending on the simulation system of interest. However, the
continuous CpHMD with explicit water description has become more popular
in the recent years, due to its generality, efficiency and availability in various
softwares. When using the continuous CpHMD, explicit water and multisite
description should be default as the modern computers offer enough resources
to utilize these accurate features. Choosing a method that utilizes charge
interpolation has a better performance, which is highly important for systems
with a high number of titratable groups. A charge levelling scheme should be
default if PME is used for calculating electrostatic interactions, simply because
it has been shown that PME does not perform accurately with non-neutral
simulation systems. The scheme introduced above with multiple buffer particles
is preferred, as the excess charge smeared to many small-charge particles causes
less artifacts to the simulation system. In addition, the author of this thesis argues
that all of the chosen properties should be well described in the corresponding
publication, along with access to the actual code (which has not been the obvious
case for all published methods).

After the brief review of the recent CpHMD implementations, the next section
will focus on the theory behind the latest CpHMD developed for GROMACS
[111] by the author of this thesis and her colleagues. This implementation
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includes continuous representation of protonation states with fully explicit
solvent, is capable to represent multisite titratable groups with no extra cost,
has a charge levelling scheme, and utilizes charge interpolation when calculating
the underlying λ-dependent potential energies. These features combined, and
implemented in the free and popular MD software GROMACS, make the
CpHMD accurate, fast, flexible and free.

4.2 Constant pH MD for GROMACS

GROMACS [60] is the most popular open-source software for performing
atomistic MD simulations of biological systems. The large user community
of the software appreciates and also motivates the implementation of special
simulation methods, such as CpHMD, that provide insights into systems beyond
conventional MD. There has been a request for years to update and reshape
the previous GROMACS CpHMD method [103] to be in line with the other
software packages for biomolecular simulations, such as CHARMM [93] and
AMBER [92]. The author of this thesis, together with colleagues, accepted
the request and implemented an efficient CpHMD method for the most recent
version of GROMACS. The implementation is discussed in publication II [111]
and, in addition, the accuracy and sampling of our CpHMD is discussed in the
accompanying publication III. [143]

In this section, the underlying theory of the improved CpHMD method for
GROMACS will be presented, including discussion of the following: description
of the protonation with λ-dynamics and pH-dependent potentials, superior
computational efficiency of the method, description of multisite titratable groups,
and conservation of neutrality in the total charge of the system upon protonation
state changes during CpHMD simulations.

4.2.1 λ-dynamics

Introduced by Brooks et al. by over two decades ago, λ-dynamics [119] has
become the basis of most continuous CpHMD methods. The key idea of CpHMD
methods based on λ-dynamics is that the protonation state of a titratable group is
described by a continuous λ-coordinate, which can dynamically change during
the simulations.

A titratable site i can be protonated or deprotonated, depending on the
interactions with the local environment. In λ-dynamics based CpHMD, a fictious
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FIGURE 5 In the implemented CpHMD method for GROMACS, protonation states of
titratable groups are described using the λ-dynamics. Here, the protonated
and deprotonated states of aspartic acid with respect to the λ-coordinate are
shown. λ = 0 and λ = 1 correspond to the protonated and deprotonated
states of Asp, respectively. During the CpHMD simulation, the values of λ-
coordinates of all titratable groups are changing dynamically, and updated
along with the Cartesian coordinates during the MD algorithm.

coordinate λi with mass mi is introduced for each titratable site i in the system.
These additional λ-coordinates continuously interpolate between the protonated
and deprotonated states of this site, and they are updated along the spacial
coordinates of the system using Newton’s equations of motion. Figure 5 clarifies
the λ-dynamics: for λ = 0 the titratable site, here the carboxyl group of aspartic
acid sidechain, is protonated, and towards λ = 1 the group deprotonates. To
emphasize the description of (de)protonation events in CpHMD simulations, the
hydrogen atom is never actually released by breaking the bond but only its partial
charge is interpolated to zero.

In many previous continuous CpHMD implementations in different software
packages, the interpolation was carried out between the potential energy
functions of the protonation states. [102, 103, 106] While being relative easy to
implement into the MD code, potential energy interpolation introduces a critical
reduction in the simulation efficiency with respect to increasing the number of
titratable groups. [111] Since the choice of interpolation in the Hamiltonian does
not affect the outcome as long as the potential energy of the protonated and
deprotonated states remains the same, interpolating the partial charges of the
atoms part of titratable groups is another possibility, [98,108,111,112] also utilized
in our implementation.

The total Hamiltonian for a system with titratable groups i is
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H(R, λ) =
Natoms

∑
j

mj

2
ṙ2

j +
Nsites

∑
i

mλ

2
λ̇2

i + V(R, λ) (12)

where R includes the Cartesian coordinates rj of all Natoms atoms with mass mj,
and λ includes the λi coordinates of all Nsites titratable sites. Kinetic energies of
atoms j are accompanied by kinetic energies of the additional fictitious λ-particles
λi with mass mλ. In addition, the potential energy of the system now also
depends on λ, as the partial charges of atoms affect the electrostatic interactions,
and those are λ-dependent.

The total potential energy of the system V(R, λ) can be written as

V(R, λ) = VR(R) + Vcoul(R, λ) + VMM(λ) + Vbias(λ) + VpH(λ) (13)

where VR(R) contains the potential energy terms not dependent on λ (bonded
interactions, L-J interactions), and Vcoul(R, λ) the potential energy terms that are
λ-dependent (Coulomb interactions). Three potential terms that only depend on
λ are added: VMM(λ), Vbias(λ) and VpH(λ), which are the correction, biasing,
and pH potentials, respectively. To clarify, the bonded and L-J interactions are
assumed not to depend on λ-coordinates but to be constant upon the protonation
state changes, as their contribution is small. [111] Thus, atom types of titratable
groups’ atoms are not altered during the CpHMD simulations.

The term Vcoul(R, λ) contains the electrostatic Coulomb interactions, which by
depending on the protonation state of the titratable groups naturally depend on
the λ-coordinates. Using the interpolation of partial charges for the λ-dynamics
to describe titratable groups, the pair-wise Coulomb potential can be written as

Vcoul(R, λ) = Vrest-rest(R) + Vλ-rest(R, λ) + Vλ-λ(R, λ) + Vλ(R, λ)
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(14)

where the four potentials are divided as follows:
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1. Vrest-rest(R) contains interactions between atoms that are not part of any
titratable λ-group, and do not depend on λ-coordinates. The sum runs over
all nrest atoms not part of any titratable group.

2. Vλ-rest(R, λ) contains interactions between atoms i = 1...nk of each titratable
λ-group k = 1...Nsites with atoms j = 1...nrest that are not part of any
λ-group. For atoms part of titratable groups, the partial charges are
interpolated with λk.

3. Vλ-λ(R, λ) contains interactions between atoms belonging to two different
titratable λ-groups, with interpolated partial charges.

4. Vλ(R, λ) contains interactions between atoms within each titratable group,
with interpolated partial charges.

In the above, qA and qB are the partial charges of atoms part of a titratable group,
where A denotes the protonated and B deprotonated states. In order to update
the values of the λ-coordinates along with spacial coordinates, the gradient of the
potential Vcoul(R, λ) with respect to each λ-coordinate must be computed. The
gradient with respect to λk can be written as [111]

∂Vcoul(R,λ)
∂λk

= ∑nk
i Φ(Ri, λ)∆qi (15)

where the electrostatic potential Φ(Ri, λ) at the position of atom i is used to
calculate the gradient. The electrostatic potential is caused by all other atoms
in the system, including the atoms of all titratable sites, whose the partial charges
are interpolated:

Φ(Ri, λ) =
nrest

∑
j

qj

4πε0rij
+

Nsites

∑
m

nm

∑
j

(1− λm)qA
j + λmqB

j

4πε0rij

and ∆qi = qB
i − qA

i is the difference between the partial charges of atoms part of
titratable group i in the protonated (A) and deprotonated (B) states.

In GROMACS, electrostatic Coulomb interactions are preferably calculated using
the smooth Particle Mesh Ewald method. [69, 70] Extracting the electrostatic
potential, needed to compute the gradient of the λ-dependent potential,
along with the standard PME calculation adds only a small computational
overhead. Therefore, using the interpolation of charges for the propagation of
λ-coordinates provides a CpHMD method comparable with the computational
effiency of a standard simulation. This is a major improvement compared to the
previous CpHMD method developed for GROMACS using the potential energy
interpolation, [103] where 2N additional PME calculations were needed for N
titratable groups.
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FIGURE 6 λ-dependent potential energy terms in CpHMD. (A) Free energy of
deprotonation of a titratable group at force field level, ∆GMM

i (λ). (B) To
compensate for ∆GMM

i (λ), a correction potential VMM
i (λ) is added, such

that the free energy difference between the two states is zero (A+B). (C)
A biasing potential, Vbias(λ) is added to prevent the sampling of non-
physical states. (D) The proton chemical potential (pH) is modelled by
VpH(λi). The total contribution of λ-dependent potential terms is shown
on the A+B+C+D panel. Adapted with permission from Noora Aho, Pavel
Buslaev, Anton Jansen, Paul Bauer, Gerrit Groenhof and Berk Hess. Scalable
Constant pH Molecular Dynamics in GROMACS. Journal of Chemical Theory
and Computation, 18 (10), pp. 6148-6160, 2022. Copyright © 2022 American
Chemical Society.

Equation 13 contains three more λ-dependent potential terms: a correction
potential VMM(λ), a biasing potential Vbias(λ) and a pH-dependent potential
VpH(λ). All of these potentials are evaluated separately for each titratable group
λi. Forms of these potentials are presented in Figure 6, and discussed next.

For a titratable group in water, there is a non-zero free energy associated with
changing the protonation state, making one of the states more favourable. In
order to compensate for this free energy, originating from the missing quantum
mechanical contributions of breaking the chemical bond and solvating the proton,
a correction potential VMM(R, λ) is added (Figure 6B) for each λ-coordinate.
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Addition of the correction potential makes the interpolated potential flat at
pH = pKref

a (Figure 6A+B), ensuring equal sampling of the λ-coordinate across
its interval VMM(R, λ) is calculated prior to the actual CpHMD simulations, and
it corresponds to the free energy required to deprotonate the reference group in
water:

VMM
i (λi) = −∆GMM

i (λi) (16)

Secondly, in order to reduce the sampling of nonphysical states in between the
physical end states λ = 0 and λ = 1, the biasing potential Vbias(λ) is added.
The biasing potential has a double well shape with an adjustable height (Figure
6C), that creates two local minima around the physical end states, while still
allowing transitions between them and preventing λ-values far outside the range
of 0 < λ < 1. The detailed form of Vbias(λ) can be found in the original
publication II. [111]

Lastly, the pH-dependent potential VpH(λ) is added for each λ-coordinate, in
order to include the effect of the solution pH. The pH-dependent potential adds
a free energy difference ∆VpH = RT ln(10) [pKa,i − pH] between the protonation
states. The difference depends on the difference between the desired pH and
the reference pKa of the reference group in water. The pH potential is plotted in
Figure 6D, and it has a smooth step-wise potential form, also found in detail in
the original publication II. [111] To summarize, the total λ-dependent potential,
containing the three described potentials added to the interpolated potential for
a titratable group, is illustrated in Figure 6 lower-right panel A+B+C+D.

4.2.2 Multisite titratable groups

Multisite titratable groups contain two or more chemically coupled titratable
sites. This means, that changing the force field parameters of one site, which
in our case are only the partial charges as discussed above, directly affects the
parameters of another site, and vice versa. Multisite groups can be described by an
extended version of the method developed by Brooks et al. [140]: independent λ-
coordinates are added to represent each protonation state of the titratable group,
and these coordinates are constrained onto a plane connecting the physical states.

In our implementation, each protonation state of a titratable group is represented
using a one-dimensional λk

i , where i denotes the index of the multisite titratable
group, and k the protonation state within this group. Value λk

i = 1
corresponds to the physical protonation state, and λk

i = 0 is a non-physical state
common to all λk

i describing the same multisite group. In order to sample the
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relevant protonation states of a multisite titratable group, the λk
i -coordinates are

propagated as independent two-state λ-coordinates, but in addition constrained
onto the (hyper)-plane connecting the protonation states, namely constraining
the sum ∑i

k λi
k = 1. This linear constraint is solved analytically (together with

the constraint for charge neutrality, introduced below), by using a constraint
algorithm based on minimizing the Lagrangian multipliers. [107, 111] In general,
this constraint can be applied to any number of titratable states. Details on the
constraint can be found in the original publication.

Common example of a chemically coupled multisite group is histidine (His),
which contains two titratable sites, namely the Nδ and Nε nitrogens, and can
exist in three protonation states. Figure 7 shows the histidine side chain along
with definitions of λ-coordinates for the multisite representation. The three
protonation states of histidine are doubly protonated HSP (proton bound to both
nitrogens, described with λ1), HSD (proton bound to Nδ, described with λ2) and
HSE (proton bound to Nε, described with λ3). The λ = 0 state is common for all

FIGURE 7 Multisite representation applied for histidine. The three relevant protonation
states are described by λ1 (doubly protonated HSP), λ2 (HSD) and λ3 (HSE).
The λ = 0 state HS0 is common for all λ-coordinates. The sampling is
restricted to the plane λ1 + λ2 + λ3 = 1, and a biasing potential is added
for all λ-coordinates in order to avoid non-physical states. Adapted with
permission from Noora Aho, Pavel Buslaev, Anton Jansen, Paul Bauer, Gerrit
Groenhof and Berk Hess. Scalable Constant pH Molecular Dynamics in
GROMACS. Journal of Chemical Theory and Computation, 18 (10), pp. 6148-
6160, 2022. Copyright © 2022 American Chemical Society.
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the λ-coordinates describing a multisite group, and does correspond to an actual
physical state (but for example a set of zero partial charges).

4.2.3 Charge neutrality

As mentioned in the previous section, the titratable sites of the system are allowed
to (de)protonate during a CpHMD simulation, which results in fluctuations
of the total charge of the simulation box. This is different from conventional
MD simulations, where the total charge stays constant with fixed protonation
states. Nonzero total charge should be compensated to avoid artefacts for the
electrostatic interaction calculations using PME. [86]

In our GROMACS CpHMD implementation, the total charge is kept constant
during CpHMD by a scheme in which a number of buffer particles are added to
the system to uptake the excess charge, and to keep the simulation box neutral.
[107, 111] One λ-coordinate describes the charges of all buffers simultaneously,
and the charges of each buffer are the same at each step. The number of buffer
particles is adjusted based on the number of titratable groups in the system of
interest, and a constraint keeps the total charge constant: NBUFqBUF + qSYS =

const, where NBUF is the number of buffers, qBUF the charge on an individual
buffer and qSYS the charge of the rest of the system. In practice, the constraint for
charge neutrality is combined with the constraint for multisite titratable groups.
Both constraints, if applied, are solved simultaneously at each simulation step
after updating the λ-coordinates, using an algorithm based on minimizing the
Lagrangian multipliers. [107, 111] In practice, the buffers are particles with small
maximal charges |0.5|e and small Lennard-Jones radii. With these parameters
strong interactions with the rest of the system and clustering with other buffer
particles are prevented, as discussed in more detail in the Results chapter. [143]

4.2.4 Applicability and limitations

Currently, the developments of constant pH MD provide a wide range of
methods for various simulation softwares. As the properties and performances
vary a lot between methods (Table 1), it is of high importance for a novice user to
select a method and software suitable for their problem. The introduced CpHMD
implementation for GROMACS in publication II is open access, accurate and
fast in performance, which makes it an attractive tool to include pH induced
protonation dynamics into MD simulations, especially for users with previous
experience of GROMACS.

For a researcher familiar with MD but novice in CpHMD simulations, it should
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be highly emphasized that despite its applicability to various systems of interest,
CpHMD is not a magic bullet to include protonation state dynamics for each
possible system. First of all, the initial structure, force field parameters and partial
atomic charges must be known for the titratable molecule one plans to treat with
CpHMD. Especially for small ligands, lipid headgroups or other more special
compounds, these might be previously unknown, meaning that they must be
derived from first principles before CpHMD can be applied.

As with standard MD, the often most crucial limitation in a simulation is the
sampling. For CpHMD, in addition to sampling the configurational space, also
the protonation states described with λ-coordinates must be sufficiently sampled
within the simulation time. As an example, the barriers of torsions of aliphatic
side chains have been found to be too high to converge on microsecond timescales
using CpHMD, preventing the λ-degrees of freedom to reach equilibrium.
Therefore, as discussed in publication III, modifications to the CHARMM36 force
field are suggested when using CpHMD. In order to reliably calculate correct
time averages from the simulations, there must be enough transitions between
the relevant protonation states of all titratable groups in the system. [97] For
example, if many titratable groups interact strongly with the local electrostatic
environment, the convergence for protonation states can be extremely slow. If
even the sampling of a single titratable amino acid does not reach convergence
within tens of nanoseconds, [18, 143], reaching convergence for pKa values for
tens of residues in a protein requires multiple times longer timescales. Therefore,
estimating the errors and investigating the sampling of both configurations and
protonation is of high importance when applying the method for a new system
of interest.



5 RESULTS

For this thesis, molecular dynamics simulations were both performed and
further developed, in order to study proton transfer and the effect of pH on
various biological systems. First, conventional MD simulations were carried
out to complement experimental findings of proton diffusion on the surface of
phospholipid membranes (Chapter 5.1). As the main work, accurate and efficient
constant pH MD routine was implemented into the GROMACS simulation
software program (Chapter 5.2). Lastly, best practices for CpHMD simulations
are provided, including corrections to the CHARMM36 force field in order
to more reliably sample the rotamers of titratable amino acids (Chapter 5.3).
Together, these results demonstrate the benefits of an accurate and efficient
constant pH MD method when studying pH-dependent processes in biology.

5.1 Proton diffusion on the surface of phospholipid membranes
(publication I)

As a collaboration with an experimental research group, we carried out MD
simulations of the C12-HPTS photoacid (structure shown in Figure 4) embedded
in phospholipid bilayers with different headgroups: a negative headgroup
(POPG), a zwitterionic headgroup (POPC) and a headgroup composed only of
the negative phosphate group (POPA). [40] The goal of these simulations was
to supplement the time-resolved fluorescence experiments of proton transfer on
the surface of membranes, by providing atomistic level details on the location of
the photoacid in the bilayer, and the interactions between the photoacid with its
surroundings.
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First, before performing the MD simulations, we parametrized the C12-HPTS
photoacid used in the experiments for MD simulations with the GROMACS
software. We decided on using the GAFF (Generalized Amber Force Field)
[75] to describe the interactions of the photoacid, due to the straightforward
parameterization process. For the parameterization, atomic structure for the
pyrene headgroup of the photoacid was created using CHARMM-GUI [81, 141].
The electrostatic potential of the headgroup was calculated using the Gaussian16
package [147] with the B3LYP exchange correlation functional and 6-31G* basis
set. [148–151] From the electrostatic potential, partial charges for the probe head
group atoms were derived from a restricted electrostatic potential (RESP) fit
with the Merz-Singh- Kollman scheme, [152] using AnteChamber [153] and
acpype. [154] Atomtypes and parameters for L-J and bonded interactions for the
photoacid head were also derived using AnteChamber. For the hydrocarbon
tails of the probe, atom types, parameters and charges were assigned based on
the the saturated POPC lipid tail of the SLipids force field. [77, 155]. In the
MD simulations, POPC and POPG were modelled with the SLipids force field,
whereas parameters for POPA had to be parametrized by us with the SLipids
guidelines [76].

For each of the phospholipid types a bilayer with 122 lipids was created. Two
photoacids were embedded to each bilayer, one to the upper and one to the
lower leaflet. We performed microsecond MD simulations of each photoacid-
membrane-water system. An example snapshot of the photoacid in the POPC
membrane is shown in Figure 8B.

From the simulation trajectories, we first investigated the location and orientation
of the photoacid in the membranes. The goal was to verify the experimental
hypothesis that the hydroxyl group of the photoacid is exposed towards the
surface of the membrane. Density distributions for all three systems are shown
in Figure 8A where the density of water, lipids, the phosphorus atoms of the
lipids, pyrene head of the photoacid, and the hydroxyl group of the photoacid
are separately plotted. From the densities of the hydroxyl groups relative to the
densities of the phosphorus atoms of the lipids, we can conclude that the proton-
releasing -OH group is located at the membrane-water interface.

The second objective of the MD simulations was to analyze the interactions
between the hydroxyl group of the photoacid with its surroundings, in order to
estimate the possibility of the photoacid to release a proton to the nearby water or
lipid molecules. From the time-resolved fluorescence measurements performed
by our experimental colleagues, the kinetic rate constants kPT and ka could be
obtained, and those are listed in Figure 8C.
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FIGURE 8 Main simulation results from publication I. (A) Density distributions along
the bilayer normal for water (blue), phospholipids (red), phosphorus atoms
of the lipid headgroups (yellow), pyrene moieties of the photoacid (violet),
and hydroxyl groups of the photoacid (green). (B) An example snapshot
from an MD trajectory of the POPC system, showing the position of the
photoacid in the upper and lower leaflets. (C) Percentage of time (averaged
between the upper and lower leaflets) that a hydrogen bond is formed
between the -OH group of the photoacid and the nearby waters or lipid
phosphates in the MD simulations, and proton transfer rate constants kPT
and ka obtained from the experiments, to compare simulation results to.
Adapted with permission from Nadav Amdursky, Yiyang Lin, Noora Aho
and Gerrit Groenhof. Exploring fast proton transfer events associated with
lateral proton diffusion on the surface of membranes. Proceedings of the
National Academy of Sciences, 116 (7), pp. 2443-2451, 2019. Copyright © 2019
National Academy of Sciences.
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Introduced in the ESPT scheme in Figure 4, kPT and ka are the rate coefficients
for proton release as the excited state ROH∗ deprotonates to RO−∗ and the
recombination to reform ROH∗ from RO−∗, respectively. We focus on these
parameters, as their relative order with respect to the three lipid types gives us
insights into the diffusion of protons on the surface of the membranes, and can
be correlated with the simulation results. The higher kPT and lower ka obtained
for POPA suggest that protons released on the surface of the membrane are more
probable to escape from the membrane to the bulk water compared to POPC and
POPG.

The simulation trajectories were exploited to inspect the interactions of the
photoacid with the surroundings. As the proton is released from the hydroxyl
group of the photoacid located at the interface between the bilayer and water,
we calculated the number of hydrogen bonds from the -OH to the nearby water
molecules and lipid headgroups, correlating these results with the experimental
rate constants. The percentages of time a hydrogen bond is formed are given
in the table in Figure 8D. From these values, the ratio is obtained between the
time a hydrogen bond is formed between the surrounding water molecules and
the lipid headgroups. The simulations show the same behaviour as seen in the
experiments: POPA, probably due to its small negative headgroup, forms more
hydrogen bonds with the bulk water molecules corresponding to the higher ka

of the experiments, therefore suggesting that proton transfer from the membrane
surface to the bulk is more likely to happen.

Overall, the simulations part of the publication was an example of how proton
transfer properties of biomolecules can be investigated with classical MD,
without a possibility to directly detach the proton from the molecules. Providing
necessary details of the experimentally studied system by MD complemented
the fluorescence measurements, and both approaches together provided new
insights to the picture of the proton transfer mechanisms on the surface of
phospholipid membranes.

5.2 Fast, flexible, and free constant pH MD for GROMACS
(publication II)

Within the scope of this thesis, publication II can be considered as the main
research work performed by the author (naturally together with colleagues and
the GROMACS development team). In brief, the heart and soul of the publication
was to implement an efficient and accurate constant pH MD method in the
popular GROMACS software, with all the key properties listed in Section 4.1.
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Even though CpHMD has been implemented in GROMACS about a decade ago,
the previous version [103] was outdated and inefficient, and not applicable for
simulating large biomolecular systems at long timescales.

As GROMACS is among the most popular open-source MD software designed
for simulating biological systems, the inclusion of an efficient CpHMD method
has been desired by the user community since the publication of the previous
implementation. Many pH-dependent processes in biology contain larger
entities, such as proteins or membranes, which require relatively large amounts
of computational power. Therefore, the ideal CpHMD routine (proudly
presented by us) should have a performance comparable to the conventional
MD simulations and, in addition, include the treatment of titratable groups by
enabling the changing of protonation states during the simulation.

When implementing CpHMD, our aim was to combine and extend existing
features of the previous CpHMD methods available for different MD software:
GROMACS, AMBER and CHARMM. Our version of CpHMD includes the usage
of charge interpolation, working with both commonly used PME and reaction
field methods to calculate the electrostatic interactions. Combined with the
continuous representation of protonation states by utilizing λ-dynamics, the
features together result in a comparable computational efficiency to standard
MD. The solvent is represented explicitly, there exists a possibility to include
multisite titratable groups with more than two protonation states, and the total
charge of the simulation system can remain neutral upon protonation events
by a charge levelling scheme. Together, these properties make the efficiency of
our CpHMD implementation comparable to standard MD, which enables longer
simulations of larger systems, and in general applicable to various pH-dependent
systems regardless the structure or force field.

The schematic representation of our CpHMD implementation is presented in
Figure 9. The dark blue boxes contain the core loop of MD simulations, which
consists of force calculation from the potential, solving Newton’s equations of
motion according to Equation 7, and maintaining the NPT ensemble with thermo-
and barostats, after which the simulation is continued until the desired amount
of sampling is reached. The red boxes illustrate the preparation and analysis
steps carried out before and after the MD loop. When running MD at a constant
pH, the topology, that contains all information about the interaction potential of
the system, must be known for all protonation states included in the CpHMD
simulation. In addition, the reference pKa-values and the parameters of the
correction potential VMM(λ) (both discussed in 4.2.1) must be available for all
titratable groups.

In CpHMD, along with atomic positions, the λ-coordinates describing the
protonation states of titratable groups are updated. The forces acting on λ-
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FIGURE 9 Schematic representation of MD simulations, and the additional steps
performed in a CpHMD simulation (yellow boxes). The MD core loop is
presented in the blue boxes, and the red boxes annotate steps before and
after the simulation.

coordinates are calculated, as presented in 4.2.1, after which the values are
propagated using Newton’s equations of motion. To represent the multisite
titratable groups, and to maintain the charge neutrality of the simulation box, a
linear constraint is applied for the λ-coordinates (as described in 4.2.2 and 4.2.3).
The temperature of these fictitious λ-particles is also kept constant by applying a
separate thermostat.

After the CpHMD simulation has reached the desired amount of sampling, for
both spatial and λ-coordinates, the conventional analysis of the MD trajectory
can be extended to analyzing the trajectory of the λ-coordinates, representing
the protonation states. For the specified pH, information about the coupled
dynamics of positions and protonation can be extracted. These dynamics together
can reveal pH-dependent conformations of the studied system, as the titratable
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groups are allowed to change protonation state as the simulation proceeds.

For a system with titratable groups, for example a protein, a set of CpHMD
simulations at different pH can be performed to investigate the titration
behaviour and to calculate the pKa values for groups of interest. Examples of
such titration is shown in Figure 10. Using our implementation of CpHMD in
GROMACS, we first obtained the titration curve for tripeptides Ala-X-Ala, X
being Asp, Glu and His, using both all-atom (AA) CHARMM36* [72] and coarse-
grained (CG) Martini 2.0 [73,74] force fields. CHARMM36* refers to the modified
CHARMM36 FF with decreased torsion barriers to better sample rotational
degrees of freedom in CpHMD simulations, presented in Section 5.3. [143] Our
CpHMD code is able to produce the correct fractions of simulation time when
each group is deprotonated at a given pH (dots in the titration plots), to which
the Henderson-Hasselbalch equation can be fitted (dashed lines). The obtained
pKa values are given in Table 2, and they match well with the used reference
pKa values as they should for titrations in water environment. Importantly, to
validate the treatment of the multisite titratable groups, also the microscopic pKa

values of His are well reproduced for CHARMM36 FF.

As an example of a slightly more complex system, we then performed a set of
CpHMD simulations to titrate the water-soluble cardiotoxin V protein (PDB ID:
1CVO [7]), for which four residues were held as titratable: His-4, Glu-17, Asp-
42 and Asp-59. The structure of the protein together with the titration curves
for both CHARMM36* and Martini FFs are shown in Figure 10. The obtained
pKa values are given in Table 2. For this protein, we were able to capture
the large downward shift of pKa compared to the reference pKa for Asp-59,
both with AA and CG levels of theory. The pKa values obtained with the AA
CHARMM36* FF correspond well to the experimentally obtained ones. For the
CG Martini simulations, even though the pKa values are further away from the
experimental results, the order of pKa-s is conserved. Importantly, in all titration
curves plotted from the CpHMD simulation data, the shape of the calculated
fraction of deprotonated group (dots) is matching well with the fitted Henderson-
Hasselbalch equation (dashed lines). In the original publication, we also present
the titration of another protein (hen egg white lyzozyme, HEWL [156]).



55

FIGURE 10 Above: Titrations of tripeptides (Asp, Glu, His) in water, with both AA
CHARMM36 and CG Martini 2.0 force fields. Below: Titration of the
cardiotoxin V protein (PDB ID: 1CVO [7]) with both AA CHARMM36
and CG Martini 2.0 force fields. In all plots, dots show the fraction of
frames in which the group is deprotonated, and the dashed lines are the
fits to the Henderson-Hasselbalch equation. Obtained pKa values, with
comparison to model or experimental values, are given in Table 2. Adapted
with permission from Noora Aho, Pavel Buslaev, Anton Jansen, Paul Bauer,
Gerrit Groenhof and Berk Hess. Scalable Constant pH Molecular Dynamics
in GROMACS. Journal of Chemical Theory and Computation, 18 (10), pp. 6148-
6160, 2022. Copyright © 2022 American Chemical Society.
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pKa value
Tripeptides [4, 5] CHARMM36 MARTINI Ref.
Asp 3.61± 0.03 3.69± 0.02 3.65

Glu 4.26± 0.04 4.30± 0.03 4.25

His macroscopic 6.34± 0.08 6.40± 0.03 6.42
His HSD 6.56± 0.06 6.53
His HSE 6.90± 0.05 6.94

Cardiotoxin V [157, 158] CHARMM36 MARTINI Exp.
His-4 5.14± 0.16 4.54± 0.09 5.5
Glu-17 4.08± 0.08 4.36± 0.04 4
Asp-42 4.02± 0.10 4.30± 0.05 3.2
Asp-59 2.41± 0.07 1.45± 0.03 < 2

TABLE 2 pKa values obtained from titration simulations for tripeptides and the
cardiotoxin V protein (PDB ID: 1CVO [7]). The reference pKa values for
tripeptides, and the experimental pKa values for the protein are given in the
last column. The values for Asp and Glu are from [4], while the microscopic
and macroscopic pKa values for His are taken from [5]. Experimentally
obtained pKa values for cardiotoxin V are from [157, 158]. Adapted with
permission from Noora Aho, Pavel Buslaev, Anton Jansen, Paul Bauer, Gerrit
Groenhof and Berk Hess. Scalable Constant pH Molecular Dynamics in
GROMACS. Journal of Chemical Theory and Computation, 18 (10), pp. 6148-6160,
2022. Copyright © 2022 American Chemical Society.

In general, the CpHMD routine is not bound to any specific FF. Any chemical
group of the system can be included as a titratable one, as long as the partial
charges, FF parameters are reference pKa values are known for all protonation
states. This is demonstrated in the above results by providing the titration results
with both AA and CG descriptions. In addition, the original publications II
and III provide guidelines on how to parametrize new titratable compounds,
for which the correction potential VMM has to be obtained. With our improved
representation of multisite titratable groups, the parametrization of such groups
is general, despite the number of protonation states.

As our CpHMD implementation is accurately able to include the protonation
into conventional MD simulations, the second important validation is the
performance of the code. As mentioned in Chapter 4, the previous
implementation of CpHMD in a fork of GROMACS 3.3.3 [103, 107] was
extremely inefficient when multiple titratable groups were added. When the
calculation of the derivative of λ-dependent potentials (ie. force acting on the
λ-coordinates) is carried out using the charge interpolation (CI) scheme, it was
shown that only one electrostatic calculation suffices (Equation 15). To prove
the efficiency of our implementation, we performed benchmark simulations



57

of both the new implementation with CI, and the previous implementation
utilizing interpolation of the potential energies (Figure 11A). For the benchmark
of the small turkey ovomucoid inhibitor protein, CI provides a comparable
performance as traditional MD with only an about 20% computational overhead,
whereas the performance of the previous implementation decreases dramatically
as the number of titratable groups increases.

Additionally, Figure 11B presents the performance of our CpHMD implemen-
tation with respect to traditional MD for a larger membrane-protein simulation
system with in total 185 residues held as titratable. Again, the performance of our
CpHMD is comparable to standard MD, with about 20% computational overhead
when CPU-only is used, and about 35% overhead with the CPU+GPU implemen-
tation. These results demonstrate the applicability of our CpHMD code for larger
biological systems, for which the previous attempts of implementing CpHMD in
GROMACS have not succeeded and hence became outdated as the software has
continued to develop.

To summarize, we implemented an accurate and efficient CpHMD in the popular,

FIGURE 11 Performance of the CpHMD implementation in GROMACS. (A) The
relative performance of the previous implementation of CpHMD into a fork
of GROMACS 3.3 release (blue) and of our new implementation (red) as
the function of the number of titratable sites, obtained from simulations
of turkey ovomucoid inhibitor protein. The relative performance is the
ratio between the average number of integration steps per time unit for
a simulation with CpHMD, and the average number of integration steps
per time unit for a normal simulation without CpHMD (B) Comparison of
the performance between CPU-only and CPU+GPU implementations for
the ligand-gated ion channel GLIC [159] with 185 titratable sites. Adapted
with permission from Noora Aho, Pavel Buslaev, Anton Jansen, Paul Bauer,
Gerrit Groenhof and Berk Hess. Scalable Constant pH Molecular Dynamics
in GROMACS. Journal of Chemical Theory and Computation, 18 (10), pp. 6148-
6160, 2022. Copyright © 2022 American Chemical Society.
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open-source MD software GROMACS. The strength of our implementation lies
in the clever combination of existing methods for treating protonation states
continuously, utilizing the charge interpolation, representing multi-site titratable
groups and keeping the total charge of the simulation system constant while the
protonation states change. As the development of the CpHMD code has been
done in close collaboration with the GROMACS development team, the pitfall
of inability in maintaining the code for future versions of the software can be
avoided. As a consequence of the implementation efforts of the thesis author
and her colleagues, CpHMD has become an attractive addition to supplement
the conventional MD among the large GROMACS user community.

5.3 Best practices in constant pH MD simulations
(publication III)

In brief, as the title suggests, publication III includes details and best practices
regarding CpHMD method, and the main results can be divided in three points:

1. force field modifications to improve sampling of side chain rotamers, and
to reach convergence for protonation states and torsion angles

2. importance of the fitting order of 〈∂VMM/∂λ〉λ for the correction potential
3. buffer particle parameters for the charge levelling scheme

The presented results are relevant not only for our implementation of CpHMD in
GROMACS but also for other CpHMD packages and softwares, which makes the
publication of high importance when aiming for accurate long-timescale CpHMD
simulations. In addition to CpHMD, the sampling of rotamers could also be
significant in λ-dynamics based free energy calculation methods for protonatable
residues.

With the recent efficient CpHMD approaches that utilize the charge interpolation
scheme for updating the λ-coordinates describing protonation states, simulations
comparable to traditional MD timescales are possible. During the test phase of
our CpHMD implementation when running multiple replicas at the same pH,
we discovered that distributions of λ-coordinates were not consistent between
replicas, even after running a hundred nanoseconds of a tripeptide with only
one λ-coordinate. We then tracked down a correlation between inconsistent
λ-distributions and insufficient sampling of the dihedral degrees of freedom
in the amino acid side chains. The similar conclusion had been drawn also
before us, for both standard MD [142] and CpHMD [98, 144]. In the previous
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CpHMD applications, the proposed solution for the unconverged syn- and anti-
conformations of the carboxyl group proton was to add corrections to the force
field in order to (i) lower the torsional barrier and enhance the rotational sampling
[98] or (ii) increase the barrier and prevent any rotations from the syn- to anti-
configurations. [144]

Our analysis revealed that not only the carboxylic acid group conformations,
but also other amino acid sidechain torsions, were not sampled equally between

FIGURE 12 Probability distribution of the λ-coordinate and dihedral angles of
tripeptide AlaAspAla, simulated at pH=pKa, height of biasing potential
set to zero, and 3rd order fits for 〈∂VMM/∂λ〉λ, using (A) original and
(B) modified CHARMM36 FF. Different colors correspond to independent
replicas. Using the modified FF results in identical distributions for λ-
coordinates and dihedral angles N-Cα-Cβ-Cγ and Oδ1-Cγ-Oδ2-Hδ2 . Adapted
with permission from Pavel Buslaev, Noora Aho, Anton Jansen, Paul
Bauer, Berk Hess and Gerrit Groenhof. Best practices in constant pH
MD simulations: accuracy and sampling Journal of Chemical Theory and
Computation, 18 (10), pp. 6134-6147, 2022. Copyright © 2022 American
Chemical Society.
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different replicas of CpHMD simulations when the original CHARMM36 FF was
used. This is demonstrated in Figure 12A, where the distributions of the λ-
coordinate and three torsional angles, namely N-Cα-Cβ-Cγ and Oδ1-Cγ-Oδ2-Hδ2

are presented. We performed 5 replicas of 100 ns of CpHMD for a tripeptide
aspartic acid (Asp) in water (Glu, His, Lys, N-ter and C-ter can be found in the
supplementary of the original manuscript). CpHMD was run at pH=pKa, height
of biasing potential set to zero, and with 3rd order fits for 〈∂VMM/∂λ〉λ.

When the maximas of the torsion potentials were reduced, by adding a small
dihedral angle (φ) dependent correction, the distributions of the λ-coordinate
and the torsional angles are consistent (Figure 12B). As a note, the non-flat λ-
distributions originate from using a 3rd order fit for 〈∂VMM/∂λ〉λ instead of a
higher order, which will be demonstrated in the following results. In general, a
linear, [108] or 3rd order [103] fit to 〈∂VMM/∂λ〉λ has been commonly used.

The dihedral angle (φ) dependent correction to the torsion potentials was
designed in a way that it will both lower the torsional barriers and still preserve
the shape of the minimas. The correction had the following form:

∆Vi(φ) = εi

[
cos(niφ)− (−1)ni

1
4

cos(2niφ)

]
, (17)

where εi is an empirical coefficient optimized to decrease the barriers of the
torsion potential and converge the φi-distributions, and ni is the multiplicity of
torsion angle i (ni = 2 for conjugated bonds and ni = 3 for aliphatic bonds). For
each torsion in the amino acid side chain, for which we observed inconsistency
between CpHMD replicas, εi was obtained using an iterative scheme: (1) with
an initial guess of εi we calculated the free energy profiles for each torsion, (2)
using the εi we recalculated the correction potential VMM(λ) by fitting a 3rd order
polynomial to the 〈∂V/∂λ〉λ values, and (3) performed five CpHMD replicas at
pH = pKa and with biasing potential barrier set to zero. After these steps, we
compared the distributions of the λ-coordinates, and iteratively increased the εi
by the listed three steps, until the distributions were converged.

The introduced force field modifications for Asp sidechain are shown in Figure
13, together with the atom nomenclature. Panel A presents the forms of the
correction potentials ∆Vi(φ) from Equation 17 for both n = 2 and n = 3. Panel
B contains the torsional potentials obtained using the original and modified
CHARMM36 FF, for both deprotonated and protonated states of the group.
From the presented torsional potentials we can also confirm that the locations of
minimas are not altered upon the correction, but only the height of the barriers.
FF modifications and replicas of sampling runs for the other titratable amino acid
side chains (Glu, His, Lys, N-ter and C-ter) can be found in the supplementary
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of the original manuscript. In the original publication, we also compare the
potential energy profile for the Asp Cα-Cβ dihedral potential profile obtained
using original and modified CHARMM36 FFs, to a profile obtained by MP2 level
of theory QM calculation (publication II Figure S9). By comparing the deviation
between MM and QM profiles for the dihedral, we can conclude that the modified
FF is an equally good fit to the QM potential.

FIGURE 13 Introduced force field modifications of CHARMM36 force field for the
aspartic acid sidechain torsions. (A) Structure and nomenclature of the
atoms of Asp, below which are the correction potentials added to dihedral
torsions of the original force field, for the cases of two and three local
minima. (B) Original and modified torsional barriers of Asp, for protonated
(H+) and deprotonated (H-) states. Modifications were introduced for three
torsions: N-Cα-Cβ-Cγ, Cα-Cβ-Cγ-Oδ2 and Oδ1-Cγ-Oδ2-Hδ2 . Adapted with
permission from Pavel Buslaev, Noora Aho, Anton Jansen, Paul Bauer, Berk
Hess and Gerrit Groenhof. Best practices in constant pH MD simulations:
accuracy and sampling Journal of Chemical Theory and Computation, 18 (10),
pp. 6134-6147, 2022. Copyright © 2022 American Chemical Society.
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FIGURE 14 Titration of cardiotoxin V using the (A) original and (B) modified
CHARMM36 force fields. Points show the fractions of deprotonated
acid for each individual replica. Gray and red lines show the fitted
and experimental Henderson-Hasselbalch curves, respectively. For each
titratable group, the standard deviation between the fitted average
deprotonation and the individual replicas is calculated. Adapted with
permission from Pavel Buslaev, Noora Aho, Anton Jansen, Paul Bauer, Berk
Hess and Gerrit Groenhof. Best practices in constant pH MD simulations:
accuracy and sampling Journal of Chemical Theory and Computation, 18 (10),
pp. 6134-6147, 2022. Copyright © 2022 American Chemical Society.

As an example of the force field modifications in practice, Figure 14 presents a
comparison of titrations of the cardiotoxin V protein, using CpHMD with original
and modified CHARMM36 FFs. In order to demonstrate the effect of lowering the
torsional barriers resulting in more consistent rotamer sampling and thus better
convergence of protonation states, we performed 10 replicas of 100 ns CpHMD
simulations of the protein at a pH range from 1 to 8, and calculated the fraction
of deprotonated acid for the individual replicas. When the modified FF is used,
the standard deviation (STD) between the fitted average deprotonation fraction
and the individual replicas decreases, corresponding to improved sampling (STD
values shown in the legends of Figure 14). In addition, the estimated pKa values
are closer to the experimentally obtained ones when the modified CHARMM36
FF is used, which also verifies the usage of the FF modifications.
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To conclude the part of force field modifications, our extensive simulations of
tripeptides revealed inconsistencies in both the sampling of protonation states
(λ-coordinates), and the torsion angles of amino acid sidechains. We made a
detailed check of the free energy profiles of the torsional angles, and added a
systematic correction, which made the λ- and dihedral distributions consistent
between different replicas, thus improving the sampling of dihedrals. Using the
introduced FF corrections also improves the consistency of titration replicas and
pKa estimation, as demonstrated for the cardiotoxin V protein.

During the investigation of torsion angles and convergence of protonation states
we also noticed that even for the modified FF at pH=pKa and height of biasing
potential set to zero, the distributions of λ-coordinates were not flat, as can be
seen in Figure 12. At these conditions the underlying potential should be flat for
a titratable residue in water, if the correction potential accurately represents the
free energy of deprotonating the titratable group (Figure 6 A+B). As using 3rd

order fits for 〈∂VMM/∂λ〉λ resulted in non-flat distributions of the long sampling
replicas, presented in Figure 12, this suggested that the order of the polynomial
fit was not sufficient. Figure 15 presents the results regarding the importance
of higher order polynomial fits for the 〈∂VMM/∂λ〉λ. In panel A, an example
parameterization is shown: 10 ns CpHMD simulations of tripeptide AlaAspAla
at fixed λ-values, from which the average 〈∂VMM/∂λ〉λ as a function of λ is
plotted. Even though the polynomial fits of different orders (1st, 3rd and 7th)
seem to be consistent, the zoomed in view shown on the right reveals deviations.
Additionally, since the 〈∂VMM/∂λ〉λ values are in the order of hundreds of
kJ/mol, relatively small differences in the plots are actually remarkable.

In panel B of Figure 15 the mean error is shown as a function of fitting order (left)
and λ-distributions for 100ns sampling runs for tripeptide AlaAspAla (right).
The distributions clearly show the need of higher 7th order polynomial fit in order
to obtain a flat distribution during CpHMD. Similar analysis was performed for
the other titratable amino acid side chains (Glu, His, Lys, N-ter and C-ter), and the
suggested fitting orders can be found in the original manuscript. Based on these
analysis, the author of this thesis recommends all CpHMD users to perform a
similar analysis of the fitting order for their titratable groups.

In addition to the force field modifications, publication III justifies the parameter
selections for the buffer particles introduced for the charge levelling scheme.
As the protonation states and thus charges of the titratable groups change
dynamically during the simulation, charge levelling is used to keep the total
charge of the simulation box neutral during the CpHMD simulations. The
scheme is introduced in Chapter 4, but in a nutshell, the idea is to add buffer
particles to the system, and constrain the total charge of these buffers and the
titratable groups such that the total charge remains neutral.
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FIGURE 15 Importance of the fitting order of 〈∂VMM/∂λ〉λ. (A) Example of a
polynomial fit to 〈∂VMM/∂λ〉λ for tripeptide AlaAspAla. Points show the
average 〈∂VMM/∂λ〉λ obtained from 10 ns simulations at fixed λ-values,
and red, yellow and violet lines show the fitted polynomial of 1st, 3rd and 7th

order, respectively. The right plot is zoomed in to the range λ = [0.8, 1.0], to
highlight the poor quality of the fit for lower orders. (B) On the left, mean
error of the polynomial fit with respect to the fitting order, calculated for
tripeptide AlaAspAla. On the right, distribution of the λ-coordinate from
CpHMD simulations at pH=pKa, height of biasing potential set to zero for
3rd and 7th order fits. Panel B adapted with permission from Pavel Buslaev,
Noora Aho, Anton Jansen, Paul Bauer, Berk Hess and Gerrit Groenhof. Best
practices in constant pH MD simulations: accuracy and sampling Journal of
Chemical Theory and Computation, 18 (10), pp. 6134-6147, 2022. Copyright ©
2022 American Chemical Society.

There are few points which one should consider when adding charged buffer
particles into the solvent:

1. minimizing the impact of charging the buffer, in order to avoid local
rearrangement of the hydrogen bonding network

2. preventing the clustering of multiple buffer particles in the solvent
3. preventing the permeation or interaction of buffer particles into or with a

hydrophobic environments, such as a membranes or proteins
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The first point was addressed by finding out an optimal range for the charge of a
single buffer particle, based on accelerated weight histogram (AWH) simulations
[160]. During this adaptive free energy simulation, a so-called friction metric is
computed, which corresponds to the efficiency of sampling. In order to keep
the friction less than 50% larger as compared to zero charges, and to avoid
slowing down the dynamics of the local environment, we settled upon a charge
range from -0.5 e to +0.5 e for the buffer particle. The points 2 and 3 regarding
buffer clustering and permeation were covered by adjusting the L-J parameters
of the buffers. By performing test simulations with different values, where radial
distribution functions between buffers and a protein, and densities of buffers
with respect to a membrane were compared, we found suitable parameters of
σ = 0.25 nm and ε = 4 kJ/mol.

When combined, the results of publication III not only complement our
implementation of CpHMD in GROMACS, but also suggest guidelines on
parameterizational aspects of CpHMD simulations in general, regardless of force
field or software used. In our publication, the need and the effect of a well-
defined protocol to enhance rotamer sampling was clearly seen for a single
titratable group in water and further tested for a protein system. In addition,
the importance of the fitting order for the correction potential was justified. As
the efficiency of the CpHMD methods is approaching standard MD and longer
timescales can be reached, any detail leading to better convergence is worth
paying attention to, especially when parameterizing novel titratable groups for
CpHMD.

As a final remark, the author of this thesis wants to point out that all of
our work regarding CpHMD is open access and available for the community.
The source code for the CpHMD in GROMACS is public, supplied with
a manual and tutorials, and can be downloaded from here: https://gitlab.
com/gromacs-constantph/constantph/. The modified force field, all correction
potential fitting coefficients, and buffer parameters are published along with
the publications, together with the standard information about protocols, force
field and input parameters. Our aim is to provide the MD community a
possibility to test and apply our implementation of CpHMD for exploring pH-
dependent biomolecular processes, along with suggesting improvements or
providing critical comments to the method itself. The open data policy is of
"greatest importance for the scientific quality of simulations" [161]



6 SUMMARY AND OUTLOOK

To expand the fundamental understanding of nature, the work of this thesis
focuses on pH-dependent processes in biology at the atomistic scale. As the
current experimental methods are still unable to capture the nanoscale dynamics
of these processes in full detail, our goal was to further develop the computational
methods aiming to model pH and proton transfer in classical molecular dynamics
simulations.

The main result and product of this thesis is the efficient constant pH molecular
dynamics implementation to the GROMACS software (publication II). Constant
pH MD enables dynamically changing the protonation states during classical
MD simulations, for which simulating at a fixed pH is traditionally not
possible. With constant pH MD, the sampling of protonation states together with
atomic coordinates is possible, which enables the investigation of pH-dependent
phenomena in proteins, membranes and other biomolecular systems usually
studied by means of MD simulations.

Constant ph MD is not an entirely novel method. There exists a previous CpHMD
developed for GROMACS from a decade ago, [103] but due to the speed decrease
with the increasing number of titratable groups it was never imported to the
main branch of GROMACS. With the improved CpHMD method, we succeed
to achieve a comparable efficiency to traditional MD, allowing the investigation
of larger biomolecules and longer timescales. There also exist efficient CpHMD
routines based on the same principles to compute the electrostatic potential for
other softwares, namely CHARMM and AMBER. [108, 112] In contrast to the
others, GROMACS is a free and open-access software with a large userbase,
which is why an efficient CpHMD has been a decade long request from the
simulation community. In addition to being efficient, our implementation also
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combines the important features of CpHMD: description of groups with multiple
titratable sites, a scheme to keep the total charge of the box neutral upon
(de)protonation events, and the generality to any available force field.

The close collaboration with the core development team ensures the further
support of our CpHMD code in the future releases of GROMACS. A highly
efficient, open-access CpHMD in the popular GROMACS software will provide
the MD community the possibility to dive into the world of pH-dependent
processes of biomolecules. In addition to the open-access code, we also share
in detail the parameterization process of titratable groups and relevant input
files, and provide a tutorial regarding CpHMD simulations with GROMACS.
Being transparent about the code and input increases the impact of the work,
as other people in the field can openly learn, use, and also criticize the CpHMD
implementation.

In addition to providing a new CpHMD implementation, we also suggest general
best practices for CpHMD simulations, that hold regardless of software or
force field used (publication III). In order to enhance the sampling of dihedral
angles of the amino acid sidechains, thus speeding up the convergence of the
protonation states, we introduce a small correction term to the torsion potentials
of common amino acids for the CHARMM36 force field. We also share details
about parameterizing new titratable groups (ie. calculating VMM accurately) and
keeping the total charge of the simulation box neutral upon protonation state
changes.

Alongside with CpHMD, this thesis presents an example of supporting
experimental results of proton transfer on phospholipid membranes using
conventional MD with fixed protonation states (publication I). We parameterized
the C12-HPTS photoacid used in the experimental research and simulated it
inside three lipid bilayers with differently charged headgroups. We were able
to provide atomistic details about the location of the photoacid embedded in
the membranes by analyzing the density of different molecules in the system.
Additionally, the proton transfer from the photoacid to either the headgroups
of the lipids or the surrounding bulk water was investigated, by analyzing the
hydrogen bonding of the hydroxyl group of the photoacid.

As illustrated by the latter, the choice of the computational method depends on
the studied phenomena. CpHMD provides a possibility to track protonation state
changes dynamically in biomolecules but the method might not be a necessity, or
even a possibility, for all situations and systems. It is important to remember, that
CpHMD is not a magic bullet to treat every pH-dependent phenomena involving
proton transfer, but the method has to be relevant for the specific research
question in mind. In many situations, traditional MD with fixed protonation
states still has its advantages.
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To conclude, being able to connect dynamics of atomic positions with dynamics
of protonation states using CpHMD with barely any extra computational cost
will broaden the scope of traditional MD. As the methods to include pH and
protonation state changes are being further developed, the possibilities to study
even more complex processes by simulations increase. This will both support
and motivate the experimental research of pH-dependent process in biology, and
ultimately enhance our understanding of the fundamentals of nature.
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Proton diffusion (PD) across biological membranes is a fundamental
process in many biological systems, and much experimental and
theoretical effort has been employed for deciphering it. Here, we
report on a spectroscopic probe, which can be tightly tethered to the
membrane, for following fast (nanosecond) proton transfer events
on the surface of membranes. Our probe is composed of a photoacid
that serves as our light-induced proton source for the initiation of the
PD process.We use our probe to follow PD, and its pH dependence, on
the surface of lipid vesicles composed of a zwitterionic headgroup, a
negative headgroup, a headgroup that is composed only from the
negative phosphate group, or a positive headgroupwithout the phos-
phate group. We reveal that the PD kinetic parameters are highly
sensitive to the nature of the lipid headgroup, ranging from a fast
lateral diffusion at some membranes to the escape of protons from
surface to bulk (and vice versa) at others. By referring to existing
theoretical models for membrane PD, we found that while some of
our results confirm the quasi-equilibrium model, other results are in
line with the nonequilibrium model.

proton diffusion | excited-state proton transfer | lipid vesicles | photoacid |
molecular dynamics

The translocation of protons across the two sides of biological
membranes by transmembrane proteins is a fundamental bio-

chemical process, such as the transport of protons in the aerobic
respiration system in the mitochondria of eukaryotes or in the
chloroplast of plants and prokaryotes during photosynthesis (1, 2).
In this proton translocation process, protons arrive at the entrance
of the protein-based proton pump either from the membrane or
from the bulk solution. The diffusion of protons in bulk aqueous
solution is highly efficient, with a diffusion coefficient (DH + ) of
DH + = 9.3 × 10−5 cm2·s−1, as commonly explained by the Grotthuss
mechanism, which describes a hydrogen bond-assisted proton
hopping between water molecules (3, 4). However, the diffusion of
protons along the surface of the membrane toward the entrance
of the pump is still under investigation. The protein structure of
proton pumps suggests that a protein structural motif in the form
of ionizable side chains of amino acids is responsible for shuttling
the protons from the surface of the membrane to the protein pump
(1, 2, 5). It was established more than 20 years ago that proton
transfer (PT) from the surface of membranes to bulk water (and
vice versa) is different from PT events in bulk water (6–10). Proton
diffusion (PD) along a membrane surface is more complicated than
bulk PD since the structure of the lipid molecule, the distance
between adjacent lipid molecules, and the water molecules in and
around the lipid membrane all affect PD. Due to advances in fast
spectroscopy experiments and molecular dynamics (MD) simula-
tions, significant progress in our understanding of this type of PD
has been made in the past decade (11–23).
In a pioneering type of experiment, the groups of Pohl and co-

workers (11–14) and Widengren and coworkers (15, 16) have ex-
plored the role of the lipid and bulk proton concentration on PD
along membranes. Widengren and coworkers (15, 16) have used a
fluorescent chromophore that was tethered to the membrane sur-
face; by fluorescence correlation spectroscopy, they followed the
protonation of the chromophore. Their main conclusion was that

the lipids act as proton-collecting antennas from the bulk solution.
They further found that (i) incorporating phosphatidic acid (PA) in
vesicles of phosphatidylcholine (PC) or phosphatidylglycerol (PG)
caused an increase in PD (16) and (ii) both the ionic strength of the
solution and the mode of protonation of the proton-collecting
antennas influence the PD parameters (15). The lateral PD co-
efficient on the membrane was indirectly estimated by the authors
while assuming a proton hopping between adjacent lipid mole-
cules (with a distance of 1 nm), and resulted in a diffusion co-
efficient of DH + = 2 × 10−7 cm2·s−1. Pohl and coworkers used a
similar chromophore as in the latter experiments, but the release of
protons was either photoinitiated from a proton release chromo-
phore that was situated dozens of micrometers from the probed
chromophore (11, 13) or by proton injection a few micrometers
from the detection site (12, 23). This experimental approach can
only be used with planar membranes (instead of vesicles), but it
enables the direct calculation of the diffusion coefficient from the
kinetic curves. The authors’ main conclusions were (i) PD along a
PC membrane was similar to the one along a phosphatidyl-
ethanolamine (PE) membrane sharing a diffusion coefficient
of ∼4 × 10−5 cm2·s−1; (ii) surprisingly, the diffusion along a
glycerol monooleate (GMO) membrane was similar to the PC and
PE membranes; and (iii) PD is most probably due to protons in the
second layer of water around the membrane.
Here, we explore PD along the surface of lipid vesicles by

following the light-initiated proton release from a membrane-
anchored photoacid, which dissociates upon light excitation due
to the large difference in pKa value between its ground and ex-
cited states. Using time-resolved fluorescence enables us to extract
the PT efficiency to and from the photoacid, the PD coefficient, and
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the dimensionality of the diffusion. We explore four types of
membranes with different phospholipid headgroups: a zwitterionic
headgroup (PC), a negative headgroup (PG), a headgroup that is
composed only of the negative phosphate group (PA), and a posi-
tive headgroup without the phosphate group [trimethylammonium-
propane (TAP)] (24). The use of photoacids to follow proton
dynamics on the surface of lipid membranes started in the pioneering
works of Nachliel and Gutman (25) nearly 30 years ago. In contrast to
that study, in which the photoacid was solvated in solution, we have
tightly tethered the photoacid to the surface of the lipid, and thus
follow only protons that have been released on the surface.

Theoretical Model
Photoacids (Brønsted type) are aryl-OH molecules, whose pKa
values differ between ground and excited states. For instance, the
common photoacid of 8-hydroxy-1,3,6-pyrenetrisulfonate (HPTS)
has a pKa value of 7.4 in the ground state and a pKa* value of
1.3 in the excited state (26). Accordingly, the molecule dissociates
during the excited-state lifetime, and the excited-state proton
transfer (ESPT) photoprotolytic cycle can be described as follows.
Following light excitation of the protonated species (ROH), the

excited molecule (ROH*) deprotonates with a PT rate of kPT. The
proton can then either recombine with the anion (RO−*), with a
recombination rate of ka, or diffuse along the media, which can
be described by the Debye–Smoluchowski equation (27). The
arrows pointing down in Scheme 1 represent the radiative decay
of the ROH* and RO−*, which share a similar radiative lifetime,
τ, of ∼5.4 ns, which enables following the PD for at least 30 ns
using time-resolved experimental methods. The fluorescence in-
tensity and decay of the ROH* and RO−* forms can be easily fol-
lowed individually since each form emits at a different wavelength.
Photoacids have been used to follow the hydration of biological
surfaces of proteins (26, 28–30) and polysaccharides (26, 31, 32). The
photoprotolytic cycle of photoacids (Scheme 1) has been theoreti-
cally modeled by Agmon and coworkers (27, 33–35), who suggested
the following expression for the ROH* fluorescence decay:

IROHp

f p exp
�
−t=τ

�
≅
πa2kaexp½−RD=a�
2kPTðπDH+ tÞd=2

. [1]

This model describes an ESPT process occurring on a surface of
a reaction sphere with a radius of a, where d is the dimensionality

of the PD and RD is the Debye radius. In their model, RD rep-
resents the distance at which the coulombic attraction between
the negative excited-state anion (RO−*) and the positive proton
equals the thermal energy (kBT):

RD =
jZ1Z2je2
4π«0«rkBT

, [2]

where Z1 and Z2 are the electron charge (e) units of RO−* and
the dissociated proton, «0 is the permittivity of free space, and
«r is the relative dielectric permittivity of the medium. The
relative dielectric permittivity of the water layer surrounding
the lipid vesicle is hard to estimate, and we have used an aver-
aged value of 20–27 for the first nanometers around the lipid
vesicles as was found experimentally and theoretically (36, 37).
Accordingly, the calculated Debye radius for our membrane-
bound modified photoacid (Scheme 2) is RD = 20–28 Å. HPTS
in solution has a fourfold higher Z1 value (its RO−* form has
four electron charges), but due to the high relative dielectric
permittivity of water («r = 80), HPTS has a value of RD = 28 Å.

Results
For tethering the photoacid to the surface of a lipid vesicle, we
synthesized a hydrophobic photoacid where a dodecyl group has
been attached to each of the sulfonate groups of HPTS (C12-
HPTS; Scheme 2). Due to the hydrophobic nature of our newly
synthesized photoacid, it could not be dissolved in water. Com-
paring the steady-state emission of HPTS and C12-HPTS in ethanol
and methanol has allowed us to conclude that C12-HPTS can be
considered as a stronger photoacid than HPTS (SI Appendix, Fig.
S1 and further discussion). A stronger photoacid is more likely to
undergo ESPT. Our finding is in line with the works of Jung and
coworkers (38, 39), who observed an increase in the photoacid
strength upon modifications of the HPTS sulfonic groups.
C12-HPTS was tethered to the membrane (at a ratio of 1:100

probe/lipid; Materials and Methods), which was composed of the fol-
lowing lipids: 1-palmitoyl-2-oleoyl-sn-glycero-3-phospho-1′-rac-glycerol
(POPG), 1-palmitoyl-2-oleoyl-sn-glycero-3-phosphocholine (POPC),
1-palmitoyl-2-oleoyl-sn-glycero-3-phosphate (POPA), or 1,2-dioleoyl-
3-trimethylammonium-propane (DOTAP). We have used dynamic
light scattering to quantify the size distribution of the different
formed vesicles, showing similar distribution of our different
vesicles (SI Appendix, Fig. S2).

MD Study. Our working hypothesis here is that our newly
designed probe can integrate into the membrane while exposing
its hydroxy group toward the membrane surface (i.e., in the water
membrane interface) and release a proton upon light irradiation.
To test this hypothesis, we performed atomistic MD simulations
of the C12-HPTS incorporated in lipid bilayers of POPC, POPG,
and POPA. The incorporation in DOTAP vesicles was not sim-
ulated since, as will be discussed below, ESPT from C12-HPTS in

¯ ¯

ROH* [RO¯*···H+] RO¯* + H+
diffusionkPT

kahν

Scheme 1. ESPT photoprotolytic cycle of photoacids. hν, photon absorption;
rad, radiative decay.

Scheme 2. Molecular scheme of C12-HPTS incorporated into a lipid vesicle.
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DOTAP could not be followed in physiological aqueous condi-
tions. The molecular snapshots of the MD simulations (Fig. 1,
Top) show that C12-HPTS is well integrated within the mem-
brane, exposing its −OH toward the water–membrane interface,
in close proximity to the location of the phosphate groups, as can
be observed in the density plots (Fig. 1, Bottom). The MD sim-
ulations also allowed us to estimate whether the −OH of the
photoacid can release a proton by following the ability of the
photoacid’s hydroxy group to form hydrogen bonds with nearby
water molecules or phosphate groups (Table 1). The table shows
that the −OH can form hydrogen bonds with nearby moieties for
the vast majority of the simulation time. Furthermore, the ratio
between the number of hydrogen bonds to water molecules and
the number of hydrogen bonds to nearby phosphate groups de-
pends on lipid, with the maximum number of hydrogen bonds to

water for the POPA membrane. As will be discussed later (see
Discussion), these results support our spectroscopic measurements.

Steady-State Spectroscopy. Steady-state absorption (Fig. 2) studies
of the photoacid-containing lipid vesicles allowed us to verify that
C12-HPTS has been tethered to the membrane and to determine
the pKa of the photoacid by ratiometric titration with a strong
acid/base. Fig. 2 and Table 2 show that the pKa of the photoacid is
highly sensitive to the charge of the lipid headgroup (molecular
schemes in Fig. 2). We found that the pKa in the negatively
charged headgroup vesicles (POPG and POPA) is higher than in
the zwitterionic headgroup vesicle (POPC), while the pKa in the
positively charged headgroup vesicles (DOTAP) is extremely low.
It has been shown that the pKa of HPTS in aqueous solutions can
be changed as a function of salt concentration (40) at different
water/organic solvent ratios (41) or next to a protein surface (30),

Fig. 1. (Top) Snapshots from atomistic MD trajectories showing the position of the C12-HPTS dye in the upper and lower leaflets of the three phospholipid
bilayers (water molecules are shown as cyan sticks). (Bottom) Density distributions along the bilayer normal of the water (blue), lipids (red), phosphorus atoms
of the lipid headgroups (yellow), C12-HPTS pyrene moieties (violet), and C12-HPTS hydroxy groups (green).

Table 1. Percentage of time that a hydrogen bond is formed between the −OH group of C12-HPTS
and the surrounding water molecules or lipid phosphate groups

Lipid system
Hydrogen bonds with
water molecules, %

Hydrogen bonds with
lipid phosphates, %

Total hydrogen bonds
with everything, %

POPG 31.9 65.9 97.8
POPC 27.1 71.3 98.4
POPA 37.4 56.2 93.6

The values are averaged between the upper and lower membrane leaflets in the MD simulations.
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but, as far as we are aware, such drastic change in the pKa value of
a given photoacid has never been observed before. Our latter
finding further suggests that the photoacid is in tight proximity to
the headgroup of the lipid, in line with the results from our MD
simulation. In a similar manner, Widengren and coworkers (15)
also observed an increase in the pKa values of fluorescein and
Oregon green when these photoacids were tethered to PG and PC
vesicles. We have used the absorption and emission maxima
(Table 2) to calculate the ΔpKa values (ΔpKa = pKa − pKp

a) of the
photoacid at different lipid vesicles using the Förster cycle (42):

ΔpKa =
ΔE

lnð10ÞRT , [3]

where ΔE is the energy difference between the protonated (ROH)
and deprotonated (RO−) forms of the photoacid, R is the gas con-
stant, and T is temperature. To calculate ΔE, we have used the
averaged values for the absorption (EAb) and emission (EEm) max-
ima to compensate the solvent contribution to the Stokes’ shifts (43):

ΔE=
�
EROH
Ab +EROH

Em

��
2−

�
ERO−

Ab +ERO−

Em

��
2. [4]

For following the light-induced proton release from photoacids,
they have to be excited in their ROH form. Accordingly, the
above-calculated pKa values limit the pH range of the measure-
ment, in which only low pH values could be used for DOTAP
vesicles. Fig. 3 shows the normalized emission spectrum with
different lipid vesicles and at different pH values, where several
important observations can be made. The first one is that for all of

our measurements, the main form of the molecule is RO−, mean-
ing that the photoacid can dissociate and release a proton. This is
a further validation that the photoacid is on the surface of the lipid
vesicle, since if it were buried within the hydrophobic membrane,
we would expect to see the ROH peak as the main one, as was
previously shown for HPTS within hydrophobic binding sites (26).
The second important observation is that the emission profile

is different for different lipid vesicles, which indicates that the lipid
headgroup has a major role in determining the ESPT parameters of
the photoprotolytic cycle of C12-HPTS (Scheme 1). We can use the
RO−/ROH ratio of the emission spectrum at different pH values (SI
Appendix, Table S1) as a first indication for the role of the lipid
headgroup in ESPT to/from the photoacid and for PD. In general,
high RO−/ROH ratios (low-intensity ROH peak; Fig. 3) can be a
result of a fast PT rate, a slow recombination rate, or a fast PD
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Fig. 2. Absorption spectrum of C12-HPTS incorporated in the different lipid vesicles at different pH values. (Insets) pKa calculations and the molecular
schemes of the lipid. O.D, optical density.

Table 2. Absorption and emission maxima of ROH and RO−,
together with the calculated pKa, ΔpKa, and pK*a values

System POPG POPC POPA DOTAP

λROH
abs , nm 419 420 411 422
λRO

−

abs , nm 501 502 500 501
λROH
em , nm 475 476 473 459
λRO

−

em , nm 543 543 541 544
pKa 8.9 8.0 9.8 3.2
ΔpKa 7.0 6.9 7.5 7.6
pKp

a
† 1.9 1.1 2.3 −4.4

†The values were estimated by pKp
a =pKa −ΔpKa.
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coefficient, and vice versa, while only with transient fluorescence can
we distinguish between them (vide infra). The RO−/ROH ratio and
the emission peak positions of C12-HPTS in POPC and POPG are
very similar. This means that although the surface charge is dif-
ferent (POPG is negatively charged, while POPC is zwitterionic),
the ESPT parameters on their surface are similar. The higher
RO−/ROH ratios of the less bulky POPA (negatively charged)
and DOTAP (positively charged) lipid vesicles imply some role of
the lipid headgroup bulkiness in PD; however, as will be discussed
below (see Discussion), the cause for it is very different.

Time-Resolved Fluorescence. Following our steady-state measure-
ments that confirmed the ability of C12-HPTS to release a proton,
and already suggested that PD is different on the surface of lipid
vesicles composed of different headgroups, we have turned to time-
resolved fluorescence measurements. Figs. 4 and 5 show the fluo-
rescence time-resolved decay of the ROH* form at different lipid
vesicles and at different pH values, respectively, in comparison to
the decay of HPTS (the decay of HPTS at different pH values is
shown in SI Appendix, Fig. S3). Qualitatively, we can divide the
decay profile of ROH* into three components (Table 3), where the
first fast component is directly related to the PT from the photoacid
(kPT), which takes place in the first nanosecond, and the other
slower components are indicative of the PD and the recombination
rate (ka). Following PT, the proton can either diffuse or recombine
with the RO−* (Scheme 1), where the PD efficiency and di-
mensionality influence mainly the 1- to 6-ns regime after excitation,
and the recombination can be associated with a long-lived (high-
intensity) exponential tail that can span to tens of nanoseconds (27,
34). This qualitative understanding of the ROH* decay profile can
be nicely explained by referring to free HPTS in solution at different
pH values (Table 3 and SI Appendix, Fig. S3 and text within). Ac-
cordingly, we can divide the decay profile of C12-HPTS (Figs. 4
and 5 and Table 3) into three different profiles:

i) The decays of POPG and POPC have a similar shape and
around the same intensities, with a much slower kPT (τ1)

compared with HPTS in bulk solution (Fig. 5), and their
change in decay as a function of pH (both τ1–3 and a1–3) is
relatively moderate (Fig. 4).

ii) The decay of POPA is very different from that of POPG and
POPC, but it has some resemblance to HPTS, both in its fast
kPT (τ1) and especially in the presence and magnitude of the
exponential long-lived fluorescent tail (a3 and τ3) at low pH.

iii) DOTAP, with its single measurement at low pH, has a
unique decay profile, different from all other measurements,
with a τ1 between the ones of POPA and POPC/POPG and a
relatively “small” long-lived fluorescent tail (τ3).

For trying to quantify the different PT rate constants, diffusion
coefficient, and dimensionality of the PD, we have used the
above theoretical approach, utilizing a software package de-
veloped by Krissinel and Agmon (44) for solving diffusion prob-
lems, and specifically ESPT from photoacids [spherical symmetric
diffusion problem (SSDP) program, version 2.66]. Since the model
was not designed for highly concentrated proton solutions
(low pH), manifested as a high-intensity, long-lived exponen-
tial fluorescent tail (as discussed above), we have used it
only for the results obtained at pH 6.5, and thus did not
fit the decay obtained with the DOTAP vesicles (fits are
displayed in SI Appendix, Fig. S4). Below, we summarize our
results (Table 4):

i) The PT rate constant, kPT, on the surface of all lipid ves-
icles is lower than the one for HPTS in bulk water, whereas
the value for POPA is the highest among all other vesicles.

ii) The proton recombination rate constant, ka, for POPG and
POPC is much higher than the one for HPTS in water, while
the one for POPA is closer to the one of HPTS.

iii) The PD coefficient (DH + ) from the photoacid on the lipid
vesicles is reduced from the high proton mobility in bulk
water and has different values for different lipid vesicles.
POPA exhibits a very close value to HPTS, and POPG and
POPC have a similar lower coefficient.
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Fig. 3. Emission spectrum of C12-HPTS incorporated in the different lipid vesicles at different pH values, below the pKa of the photoacid. (A) Spectrum for
each of the lipid vesicles as a function of pH. (B) Spectrum at each of the pH values as a function of the lipid vesicle. The dashed lines in B represent the
emission spectrum of HPTS.
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iv) The dimensionality (d) of the PD from the photoacid on
the lipid vesicles is reduced from the dimensionality value
of 3 of HPTS in bulk water. POPC and POPG have a dimen-
sionality value of 2, and POPA has a higher dimensionality
value of 2.5.

v) The RD values differ between different lipid vesicles, in-
dicating that the dielectric constant next to the lipid ves-
icle changes for different lipid headgroups.

Discussion
According to the time-resolved fluorescence measurements and
their fitting, we can divide the PD behavior into three different
types of diffusion patterns.
The first one relates to the surfaces of POPC and POPG,

which, despite a different surface charge, share the same PT and
PD properties. They both exhibit lateral (2D) PD on the surface
of the membrane, with a coefficient of 3.5 × 10−5 cm2·s−1, nearly
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Fig. 4. Time-resolved fluorescence decay of the ROH* form in the four lipid vesicles as a function of pH value. (Insets) Zoomed-in views of the first nano-
seconds. IRF, instrument response function.
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threefold slower than the one for protons in bulk water. The PT
from the photoacid on the surface of these vesicles is also slower,
with a kPT that is more than threefold lower than the one of
HPTS in bulk water (also τ1 in Table 3). The ka value for these
lipid surfaces is around twofold larger than the one of HPTS
(also τ3 in Table 3). The high proton recombination rate on the
surface of POPC and POPG can be explained by the constrained
lateral PD that increases the possibility for a recombination
event between a proton and the excited anion species (RO−*).
Interestingly, while τ3 and its magnitude (a3) are only weakly
influenced by the pH of the solution, they change dramatically
for HPTS in bulk water. This indicates a limited influence of bulk
protons on the PD properties of these membranes.
The second pattern is observed for the negatively charged

surface of POPA. The PD from the photoacid exhibits a mixed
dimensionality of ∼2.5, meaning that unlike the surfaces of
POPG and POPC, the protons on the surface of POPA do not
diffuse laterally, but also escape to bulk water. Indeed, all of the
parameters for POPA have intermediate values between the
ones for HPTS in bulk water and the ones obtained for POPC
and POPG. POPA has the largest PD coefficient, the fastest PT
rate, and the slowest recombination rate among the three lipids
(at pH 6.5). Also, the change in the long-lived fluorescent tail
magnitude (τ3 and especially a3) is strongly modulated by the pH,
similar to HPTS, which suggests that the tethered photoacid in
POPA vesicles is much more exposed to bulk solution than in the
other lipid vesicles. This is in line with the results of the MD
simulations, which also suggest that the photoacid’s hydroxy
group is more solvent-exposed in POPA than in POPG or POPC
(Table 1).
The third pattern relates to the positively charged surface of

DOTAP. Due to the very low pKa of C12-HPTS in DOTAP, we
could measure its ESPT only at a very low pH value. The main
conclusion is the relative absence of the long-lived fluorescent
tail (τ3) and the relatively slow PT (τ1). This type of pattern is
common in photoacids within binding sites of proteins (28, 45),
which might imply that the hydration next to DOTAP vesicles is
restricted (more hydrophobic) compared to the other vesicles.
Finally, we will try to correlate our study to previous results

and available PD mechanisms. Membrane PD can be followed
for different time regimes depending on what experimental ap-
proach is used. Pohl and coworkers (11–14) probed PD on the
millisecond-second regime, while Widengren and coworkers (15,
16) focused on the microsecond-millisecond regime. Accordingly,

our results complement the fast time regime for PD, where we
focus on fast nanosecond diffusion processes. Nevertheless, our
results share some similarities with the slower type of measure-
ments and can help in resolving the discrepancies in the literature.
Widengren and coworkers (15, 16) followed the protonation of a
lipid-tethered dye, which bears some resemblance to our ap-
proach. They found that PT on the surface of DOPG and DOPC
vesicles is faster than proton exchange between surface and bulk
water. This finding is in line with the high recombination rates on
the surfaces of POPG and POPC observed in our work. They
further found that the addition of DOPA (to DOPG vesicles)
increases the protonation of their chromophore, particularly at
low pH. Our observation that POPA is highly accessible to protons
in solution partially supports this finding. Nevertheless, one of
their main conclusions is that the surface of the membrane acts as
a proton-collecting antenna, which is not supported by our mea-
surements for POPG, POPC, and DOTAP, but can be considered
compatible with our POPA results. Moreover, led by that con-
clusion, they estimated a low PD coefficient (∼10−7 cm2·s−1) based
on the distance between titratable groups in the lipid structure.
According to our measurements, which enable us to estimate the
diffusion coefficient directly from the data, this low value should
be revised. Pohl and coworkers (11, 13) have used a similar
chromophore as the latter studies, but their conclusion was dif-
ferent. Their experimental setup allowed them to calculate the PD
coefficient directly from their kinetic curves, where they showed
that all of the different membranes they used, namely, PC, PE,
and GMO, shared the same diffusion coefficient on the order of
5 × 10−5 cm2·s−1. This latter value is of the same magnitude as our
derived values, even though we followed PD on the nanosecond
scale, while Pohl and coworkers (11, 13) followed diffusion on the
millisecond-second regime. Because the GMO membrane shares
the same glycerol termination as PG membranes, the similarity in
the diffusion parameters in their work can be nicely correlated to
our finding of similar diffusion parameters between POPC and
POPG. They concluded that PT on the membrane surface cannot
involve proton hopping between titratable groups. More re-
cently, they suggested that proton wires on the surface of the
membrane can facilitate PT (13). Our results confirm that PD
across POPG and POPC cannot be explained by proton hopping
across titratable groups, but we do show that POPA vesicles can
act as proton-collecting antennas, while DOTAP vesicles can-
not support high PD.
Two main PD mechanisms have been proposed to explain the

membrane PD process (13, 18, 21, 46, 47). The first mechanism
suggested by Medvedev and Stuchebrukhov (18, 21, 47) discusses
the coupling between bulk diffusion and surface diffusion. They
claim that protons can go from bulk to surface (the “antenna
effect,” where protons populate titratable groups) with a rate
constant of kon, and from surface to bulk with a rate constant of
koff. They further distinguish between two regimes, the slow- and

Table 4. Summary of the PT kinetic parameters (kPT and ka),
proton diffusion coefficient (DH+ ), dimensionality (d), and RD for
C12-HPTS in different lipid vesicles (at pH 6.5) as obtained using
the SSDP program

System kPT, ns
−1 ka, Å·ns

−1 DH+ , cm2·s−1 d RD, Å

POPG 2.6 18.5 3.5 × 10−5 2.0 20
POPC 2.8 17.0 3.5 × 10−5 2.0 21
POPA 5.5 11.2 8.5 × 10−5 2.5 26
HPTS 8.9 8.5 9.0 × 10−5 3.0 28

To limit the degrees of flexibility of this model, we have fixed the value
for the radius of the reaction sphere, a, to 6 nm for all fittings, which is a
common value for the HPTS photoacid. τ (Eq. 1) was set to 5.4 ns for HPTS
and to 5.7 ns for C12-HPTS, as determined from our lifetime measurements.
SSDP, spherical symmetric diffusion problem.

Table 3. Fitting parameters of a three-exponent decay function
for C12-HPTS fluorescence in different lipid vesicles and at
different pH values and for HPTS

System pH a1 τ1, ns a2 τ2, ns a3 τ3, ns

POPG 8.0 0.45 0.42 0.37 1.48 0.18 3.14
6.5 0.47 0.46 0.35 1.55 0.18 3.25
4.5 0.45 0.45 0.36 1.55 0.19 3.25
2.0 0.43 0.51 0.36 1.77 0.21 3.78

POPC 6.5 0.46 0.41 0.38 1.34 0.16 2.88
4.5 0.43 0.40 0.38 1.51 0.19 2.93
2.0 0.44 0.42 0.36 1.67 0.20 3.21

POPA 8.0 0.70 0.14 0.26 0.86 0.04 2.58
6.5 0.69 0.14 0.26 0.88 0.05 2.76
4.5 0.69 0.15 0.26 0.93 0.05 3.16
2.0 0.59 0.16 0.27 1.48 0.14 4.22

DOTAP 2.0 0.52 0.36 0.35 1.24 0.13 2.52
HPTS 6.5 0.82 0.13 0.17 0.55 0.006 3.55

4.5 0.82 0.14 0.17 0.57 0.006 4.14
2.0 0.72 0.13 0.15 2.53 0.13 5.21

The preexponential factors (a) have been normalized to a1 +a2 + a3 = 1.
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fast-exchange regimes, which refer to the rate of proton exchange
between surface and bulk. They suggest that the fast regime is the
most probable one, and that long-distance PD processes that take
place on the millisecond-second time scale can be explained by
numerous kon/koff events that lead to a quasi-equilibrium state
between surface and bulk protons. The second mechanism pro-
posed by Agmon and coworkers (13) and Agmon and Gutman
(46) suggests that protons on the surface are not in equilibrium
with bulk protons. They further propose that the membrane is not
acting as a proton-collecting antenna and that protons do not
escape from surface to bulk (i.e., protons have very low koff val-
ues). They suggest that protons on the surface diffuse via proton
wires in what they envision as a propagation of an advancing
front of protons, where protons at the front protonate all
possible titratable sites, and that the protons following that
front diffuse in an unhindered fashion. Both theories have been
developed to explain results observed in the (sub)second regime.
Our measurements follow only diffusion events taking place in the
excited state and, accordingly, are limited to the nanosecond re-
gime. Nevertheless, we believe that our results can shed insights
on the possible fast kinetics of this diffusion process.
As discussed, our results with POPA vesicles are very different

from the ones of POPC and POPG. The strong influence of the
solution pH on the kinetic parameters observed for the POPA
vesicles suggests that protons released on the surface of the
membrane can escape to bulk, and that during the excited-state
lifetime, protons from the bulk can go to the surface, which sup-
ports the quasi-equilibrium model. It is important, however, to
mention that PA lipids are frequently referred to as “buffered
lipids” (i.e., due to their bare phosphate group, they act as buffer
molecules in solution, and can therefore be easily titratable). On
the other hand, our POPC and POPG results suggest PD with
limited surface-to-bulk and bulk-to-surface PT events, which, in
combination with a relatively high PD coefficient, support the
nonequilibrium model, as well as disproving the possibility of dif-
fusion by proton hopping between titratable groups (11). Never-
theless, since we observed some pH dependency of the kinetic
parameters, the protons cannot be completely nonequilibrated with
the solution, and there is probably some bulk-to-surface PT. Thus,
while our results seem to support the nonequilibrium model, we
cannot ascribe all of our results to a single suggested PD mecha-
nism, but hope that our results will ignite new theoretical efforts
toward a unifying approach for PD on the surface of membranes.

Conclusions
In summary, we have developed a photoacid-based probe that
can be tethered to membranes for studying light-induced PD
processes on the surface of membranes. While the photoacid
enables the exploration of fast PT events within the PD process,
the time interval in which PD can be studied is limited to the
excited-state lifetime of the probe, which is on the order of a few
dozen nanoseconds. As a consequence, the accessible length
scales are also limited to few dozen nanometers (48). We used
our photoacid probe to explore PD across phospholipid mem-

branes with different lipid headgroups, namely, PA, PC, PG, and
TAP, as well as the effect of pH on the PD process. We found
that protons diffuse laterally on the surface of PC and PG vesi-
cles with a diffusion coefficient of 3.5 × 10−5 cm2·s−1, which
cannot be explained by proton hopping between titratable
groups, with only a moderate pH dependence on the kinetic
parameters. For PA vesicles, we found that protons could escape
to bulk, and vice versa (the antenna effect), which also leads to a
more prominent effect of the solution pH on the kinetic pa-
rameters. For TAP vesicles, we found a slower PT from the
photoacid with little influence of bulk protons, which resembles
the behavior of hydrophobic pockets.

Materials and Methods
Synthesis of C12-HPTS Derivative. To amixture of dodecanamine (0.5 mmol) and
triethanolamine (0.5 mmol) in 10 mL of dichloromethane (0 °C), 0.1 mmol of 8-
acetoxypyrene-1,3,6-trisulfonyl chloride (38) in 10 mL of dichloromethane was
added dropwise. After warming to room temperature, the reaction mixture
was stirred for another 48 h. The organic phase was washed with sodium bi-
carbonate and saturated sodium chloride solution before being dried over so-
dium sulfate. After evaporation, the crude product was purified via column
chromatography (3:7 ethyl acetate/petrol ether). The product was confirmed
by MALDI-TOF.

Preparation of Lipid Vesicles. All lipids (POPA, POPC, POPG, and DOTAP) were
purchased fromAvanti Polar Lipids, Inc. The lipidwasmixedwith the C12-HPTS
probe in chloroform at a 100:1 (lipid/probe) molar ratio. The mixture was
dried under a stream of N2 and placed under vacuum for at least 2 h to
remove any residual solvent. The dried lipid film was then rehydrated in
5.0 mM phosphate buffer and vortexed for 30 s. The resulting solution was
extruded 31 times through a polycarbonate membrane with 200-nm pores
(0.2 μm; Nucleopore). The liposome solution was diluted to a lipid concen-
tration of 1.0 mg/mL and stored at 4 °C. Before later use, the pH of the
solution was adjusted using either HCl or NaOH.

Spectroscopic Measurements. The above-mentioned lipid vesicle solutions or a
35-μM HPTS solution was used for the spectroscopic measurements. Dynamic
light scattering measurements were recorded with a Malvern Zetasizer using a
1-cm-pathlength cuvette. The UV-visible absorption measurements were recor-
ded with a PerkinElmer spectrometer using a 1-cm-pathlength quartz cuvette.
The steady-state fluorescence measurements were recorded with a Horiba Flu-
orolog system using an excitation wavelength of 395 nm with 1-nm bandpass
slits for both entrance (excitation) and exit (emission). The time-resolved fluo-
rescence measurements were acquired with a Horiba Deltaflex system, using a
405-nm diode laser with a pulse duration of <100 ps as the light excitation
source. The ROH fluorescent decay was collected at 445 nm and 455 nm for
HPTS and C12-HPTS, respectively, where at least 30,000 counts (at peak) were
collected. The instrument response function was collected at the excitation
wavelength using a diluted Ludox solution in water.

MD Simulations. Details of MD experiments are given in SI Appendix.
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ABSTRACT: Molecular dynamics (MD) computer simulations are
used routinely to compute atomistic trajectories of complex systems.
Systems are simulated in various ensembles, depending on the
experimental conditions one aims to mimic. While constant energy,
temperature, volume, and pressure are rather straightforward to model,
pH, which is an equally important parameter in experiments, is more
difficult to account for in simulations. Although a constant pH
algorithm based on the λ-dynamics approach by Brooks and co-workers
[Kong, X.; Brooks III, C. L. J. Chem. Phys.1996, 105, 2414−2423] was
implemented in a fork of the GROMACS molecular dynamics program,
uptake has been rather limited, presumably due to the poor scaling of
that code with respect to the number of titratable sites. To overcome
this limitation, we implemented an alternative scheme for interpolating the Hamiltonians of the protonation states that makes the
constant pH molecular dynamics simulations almost as fast as a normal MD simulation with GROMACS. In addition, we
implemented a simpler scheme, called multisite representation, for modeling side chains with multiple titratable sites, such as
imidazole rings. This scheme, which is based on constraining the sum of the λ-coordinates, not only reduces the complexity
associated with parametrizing the intramolecular interactions between the sites but also is easily extendable to other molecules with
multiple titratable sites. With the combination of a more efficient interpolation scheme and multisite representation of titratable
groups, we anticipate a rapid uptake of constant pH molecular dynamics simulations within the GROMACS user community.

■ INTRODUCTION

Since their introduction more than four decades ago, molecular
dynamics (MD) computer simulations have come of age.1

Thanks to improvements in computer hardware, algorithmic
developments, as well as increased accuracy of force fields, MD
simulation has evolved into a predictive technique that can
complement experiments by providing atomistic insights into
the dynamics of complex systems.1,2 While many experimental
conditions can be modeled with good accuracy, the aqueous
proton concentration, or pH, is typically accounted for indirectly
by constraining the protonation states of titratable residues to
their, presumed, most probable form at the start of the
simulation. Because the electrostatic interactions depend
critically on the protonation state of the residues, the pH affects
the conformational ensemble. Conversely, because the con-
formation can influence the proton affinity of the residues, or
pKa, a direct correlation exists between pH and conformational
dynamics, which cannot be captured if the protonation state is
kept fixed in the simulation.3

To overcome this limitation in classical MD simulations and
include the effect of pH on the conformational sampling directly,
several solutions have been proposed in the last decades4,5 and
used to investigate pH-dependent protein−protein6 and
protein-RNA interactions,7 drug binding,8,9 and structural
changes.10,11 These solutions can be roughly divided into a
category that relies on discrete changes in protonation

states12−19 and a second category in which a protonation state
can change continuously.20−33 More recently, a third category
that relies on the transfer of proton-like particles between
titratable sites, including protein residues and solvent molecules,
was proposed for the Martini force field.34
In the discrete constant pH approaches, the protonation state

of a residue can change at regular intervals of the simulation
according to a Metropolis Monte Carlo criterion.16,17,28,35,36 To
avoid a low acceptance rate due to unfavorable solvent
configurations, the Monte Carlo step is performed based on
free energies calculated using the approximation of either an
implicit solvent representation,13,15 or a short all-atom
thermodynamic integration.14,37
Most continuous approaches for MD at constant pH are

based on the λ-dynamics technique developed by Brooks and co-
workers.38 A one-dimensional λ-coordinate with fictitious mass
mλ is introduced for each titratable site, and the equations of
motion for these additional degrees of freedom are integrated
along with the Cartesian positions of the atoms.21 The
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λ‑coordinate defines the protonation state of the residue: at λ = 0
the residue is protonated and interacts with the rest of the system
as such, while at λ = 1 it is deprotonated. The energy function
that acts on the λ-coordinates depends on (i) the intrinsic
proton affinity (reference pKa) of the titratable site in water, (ii)
the interactions with the environment, which are mostly
electrostatic,39 and (iii) the pH of the solvent, which is set by
the user. In addition, potentials are introduced to bias sampling
toward the physical states at λ = 0 and λ = 1. Protons are not
transferred directly between the titratable residues and the
solvent molecules but rather exchanged with an external proton
bath. Because the chemical potential of this bath is determined
by the proton concentration (pH) of the aqueous solution,
constant pH MD (CpHMD) simulations based on λ-dynamics
are performed in a grand canonical ensemble for the proton
degrees of freedom.
While λ-dynamics-based constant pH approaches were

originally developed for implicit solvent simulations,21 they
have since then been adapted for explicit solvent simulations as
well.18,23−26,28,30 The key computational challenge for explicit
solvent implementations is the long-range electrostatic inter-
action, for which multiple solutions have been suggested,
including a shifted cutoff scheme,26 a hybrid scheme combining
the particle mesh Ewald (PME) treatment for the Cartesian
coordinates with the generalized Born model for the
λ‑particles,24,40 and a fully consistent PME treatment for both
λ and Cartesian degrees of freedom.23,30
In addition to accurate modeling of the long-range electro-

static interactions, also sampling can pose a serious challenge to
simulations at constant pH. While the choice for the PME
method in the original implementation of λ-dynamics in the fork
of GROMACS 3.3 release23 was motivated by its accurate
description of long-range electrostatics, the linear increase of the
computational effort with the number of titratable sites limited
the sampling efficiency, which meant that systems with many
titratable sites could not be studied in practice.
To remove this bottleneck and enable constant pH MD with

GROMACS at a modest additional cost compared to a standard
simulation, we switch to an alternative scheme for computing
the long-range electrostatic interactions of the λ-particles under
periodic boundary conditions. The alternative scheme is based
on a linear interpolation of partial charges21 rather than the
potential energy functions as in the original implementation of
constant pH MD in a GROMACS fork.23
Although the previous implementation of constant pH in a

GROMACS fork was documented and shared with the
community as an open-source program, there has been some
misunderstanding about how electrostatic interactions were
computed for λ-particles.24,25,30 To resolve this controversy, we
first explain in detail how the electrostatic interactions were
calculated in the previous GROMACS implementation of
constant pH MD. We next contrast this linear interpolation
between the potential energy functions of the protonated and
deprotonated states of a residue on the one hand to the
interpolation between the partial charges of both states on the
other hand21 and show why the latter is computationally much
more efficient. We then demonstrate the superior performance
of the charge-interpolation scheme by running a series of
constant pH MD simulations of amino acids and proteins. To
emphasize that the new constant pH implementation in
GROMACS is not restricted to a specific force field (or the
resolution of a force field model) nor to a specific algorithm for
evaluating electrostatic interactions, we also show the results of

constant pH MD simulations with the Martini coarse-grained
force field,41 in combination with a shifted cutoff electrostatics
model. Because of GROMACS’ large user community, we
expect our work to increase the popularity of constant pH MD
simulations.

■ THEORY

Before discussing the differences between linear interpolating of
the potential energy functions on the one hand,23 and of partial
charges on the other hand,21 for computing the potential energy
landscape of the titration coordinates, we briefly review the
λ‑dynamics approach38 that forms the basis for the constant pH
molecular dynamics algorithm in GROMACS.23

λ-Dynamics-Based Constant pH MD Simulations. A
titratable site i can exist in a protonated or deprotonated state.
The protonation state affects the interactions between the site
and the rest of the system. In constant pHMD simulations based
on λ-dynamics,38 an additional coordinate λi is introduced for
each site i, and the potential energy function of the total system is
continuously interpolated between the two protonation states
along this coordinate, i.e., V(λi) .21 A fictitious mass mλ is
assigned to each λi-coordinate, and the coordinates evolve along
with the Cartesian degrees of freedom of all atoms in the system,
based on Newton’s equations of motion. Thus, the total
Hamiltonian of the system is

= + +H
m m

VR r R( , )
2 2

( , )
i

N

i
j

N
j

j
2 2

sites atoms

(1)

where R is the vector of the Cartesian coordinates rj of all Natoms
atoms with massmj and λ is the vector of the λi coordinates of all
Nsites titratable sites.

λ-Dependent Potential Energy Function. In addition to
the interpolation between the potentials of the protonated
VA(R) and deprotonated states VB(R), three more λ-dependent
terms are included in the potential energy function of the total
system V(R, λ), as illustrated in Figure 1: (i) a correction
potential Vi

MM(λi) to compensate for missing quantum
mechanical contributions to proton affinities (Figure 1B); (ii)
a biasing potential Vi

bias(λi) that enhances sampling of the
physical end states at λi = 0 and λi = 1 (Figure 1C); and (iii) a
pH-dependent term VpH(λi) to model the chemical potential of
protons in water (Figure 1D).
The purpose of adding the correction term Vi

MM(λi) (Figure
1B) is to make the interpolated potential function flat if the
titratable site i is in its reference state, for which the proton
affinity is known experimentally, at pH = pKa,i. This potential is
determined by evaluating the deprotonation free energy of the
single residue in water (reference state) at the force field level by
thermodynamic integration along the λ-coordinate (Figure 1A):

=V G( ) ( )i i i i
MM MM (2)

To prevent sampling of the nonphysical states between λi = 0
and λi = 1 on this flat potential energy surface while still enabling
sufficient transitions between the physical end-states to sample
both protonation states with the correct thermodynamic weight,
we introduce the biasing potential Vi

bias(λi) suggested by
Donnini et al.42 (Figure 1C).
The pH-dependent term VpH(λi) (Figure 1D) is a correction

that includes the effect of the solution pH on the free energy
difference between the protonated and deprotonated states,
such that this difference is
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where we use the experimentally determined pKa,i value of
residue i in its reference state. Although various forms for this
potential have been suggested,29,42,43 we propose a smooth step-
function-based potential:
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where k1 and x0 define the steepness and kink position of the step
function. In this form, illustrated in Figure 1D, the
pH‑dependent potential also aids in preventing the sampling
of nonphysical states, i.e., 0.1 < λ < 0.9.
Linear Interpolation of Potential Energy Functions. In the

previous implementation of constant pH MD in a GROMACS
fork, the smooth interpolation of the force field potential energy
function between the protonated and deprotonated states was
achieved by linearly interpolating the force field potentials of
these states.23 Thus, for a single titratable site, the λ-dependent
potential is given by

= + + +
+

V V V V V

V
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withVMM(R, λ),Vbias(λ), andVpH(λ) the correction, biasing, and
pH-dependent potentials, respectively, that were briefly
discussed above, and with short-hand notations for

= =
= =
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The gradient required for updating λ according to Newton’s
equations of motion is
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Thus, the evaluation of the force on the λ-particle requires that
the potential energy, including the long-range electrostatic
interactions, is computed twice: once for λ = 0 (i.e., VA) and
once more for λ = 1 (i.e., VB). If the Particle-Mesh-Ewald (PME)
method is used to compute those long-range electrostatic
interactions,44,45 separate PME grid builds are needed because
the charge distributions are not identical in states A and B.
For systems with many titratable sites, multiple λ-groups are

introduced. Because the analytical expressions for the
correction, biasing, and pH-dependent terms in eq 5 are
additive, we no longer consider them explicitly in what follows
and focus exclusively on the interpolation of the force field
potential energies between themultiple protonation states of the
system. For N λ-coordinates, there are 2N such states and the
interpolation generalizes to20
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Here, we represent the N λi-coordinates as an N-dimensional
vector λ. The 2N possible protonation states of the system are
represented by theN-dimensional vector l with elements li equal
to 0 or 1 that indicate whether a site i is protonated (λi = 0) or
deprotonated (λi = 1). The sum runs over all 2N possible
combinations of li = 0 and li = 1. The gradient required for
updating λi is obtained by deriving the interpolated potential,
V(R, λ), with respect to λi:

Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅÅ

É

Ö

ÑÑÑÑÑÑÑÑÑÑÑÑ
Ä

Ç

ÅÅÅÅÅÅÅÅÅÅÅÅ
É

Ö

ÑÑÑÑÑÑÑÑÑÑÑÑ

=

=

+

=

= = =

=

=

=

=

V V

V

V

V

V

V V

R R l

R l

R l

R l

R l

R R

( , ) ( , ) (1 )

( , ) (1 ) (1 )

( , ) (1 )

( , ) (1 )

( , ) (1 )

( , , 1) ( , , 0)

i i
k
N

k
l

k
l

i l
k
N

k
l

k
l

i

l
k
N

k
l

k
l

i

l
k
N

k
l

k
l

l
k
N

k
l

k
l

i i

l

l

l

l

l

2
( ) 1

, 0

2
( ) 1

, 1

2
( ) 1

, 1

2
( ) 1

, 0

2
( ) 1

N

k k

i

N

k k

i

N

k k

i

N

k k

i

N

k k

1

1

1

1

(8)

where the ′ indicates that λi is omitted from vector λ. Note that,
as we focus only on the interpolated potentials, the biasing,
correction, and pH-dependent terms are left out.

Figure 1. Illustration of the additional λ-dependent potential energy
terms (B−D). Panel A shows the protonation free energy of a titratable
residue in its reference state obtained at the force field level,ΔGi

MM(λi) .
To compensate for the shortcomings of the force field and obtain a zero
free energy difference between the two protonation states (A + B), we
add the correction potential, Vi

MM(λ), shown in panel B. A biasing
potential, Vi

bias(λ),42 is introduced to avoid sampling of nonphysical
states (panel C). To model the proton chemical potential (pH), we add
a pH-dependent term, VpH(λi) (panel D). For a titratable residue at
pH ≠ pKa, the total λ-dependent potential, including the interpolated
force field functions and the three additional terms, is illustrated in
panel (A + B + C + D).
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In general, the number of terms in the potential (eq 7)
increases exponentially with the number of titratable sites.
However, for pairwise interactions involving titratable sites
whose nonbonded force field parameters do not depend on the
protonation state of the other sites (chemically uncoupled sites),
the number of terms required to evaluate the interpolated
potential scales linearly. For systems with such “chemically”, or
“topologically” uncoupled sites, the interpolated potential
contains four types of interactions

= + +
+

V V V V

V

R R R R

R

( , ) ( ) ( , ) ( , )

( , )

rest rest rest

(9)

For pairwise electrostatic interactions, the terms on the right-
hand side are defined as

1. Interactions between atoms that are not part of any
λ‑group, and hence independent of the λi’s:
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where the sums run over all nrest atoms that are not part of
a λ‑group.

2. Interpolated interactions between atoms of each λ-group
with atoms that are not part of any λ-group:
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where the first sum runs over all titratable sites, the second
one runs over all nk atoms of the k th λ-group, and the final
sum runs over all atoms that are not part of any λ group.

3. Interpolated interactions between atoms belonging to two
different λ-groups:
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4. Interpolated interactions within each of the λ-groups:
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From eq 8, the gradient with respect to λk is
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Thus, the evaluation of the Coulomb contribution to the
gradient for each λk-group requires two electrostatic computa-
tions, with the interpolated partial charges of the other λm sites
(i.e., qj(λm) = (1 − λm)qjA + λmqjB):
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Here, we introduced the electrostatic potential Φk
A(Ri, λ′) of the

system with partial charges of λ-group k in the protonated state
(qiA) and interpolated charges for all other λ-groups. As before,
λ′ is the vector with all λm’s except λk. Likewise, electrostatic
potential Φk

B(Ri, λ′) is evaluated with the partial charges of
λ‑group k in the deprotonated state (qiB) and the same
interpolated charges for all other λ-groups. Thus, 2Nsites

computations are needed to evaluate the gradients for all
titratable sites. The same arguments apply to pairwise Lennard-
Jones interactions, but because the contribution of Lennard-
Jones interaction to pKa shift is minor, we neglected them in this
work (see Supporting Information).

Linear Interpolation of Partial Charges. While the linear
scaling of the gradients for the pairwise potentials in eq 15 in
principle is a great improvement over the formal exponential
scaling in eq 8, the requirement of performing 2Nsites calculations
per MD step still poses a computational bottleneck, in particular
for larger systems. To overcome this bottleneck for electrostatic
interactions, we follow the suggestion by Brooks and co-workers
to interpolate charges rather than interaction functions.21 When
interpolating the partial charges between the protonation states
of Nsites chemically uncoupled titratable sites, the λ-dependent
Coulomb energy becomes
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The gradient of the potential energy with respect to λk is
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where Φ(Ri, λ) is the electrostatic potential at the position of
atom i due to the charge distribution of all other atoms in the
system, including the atoms of all titratable sites, for which the
partial charges are interpolated:
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andΔqi is the difference between the atomic charges of titratable
residue i in the protonated (A) and deprotonated (B) states:

=q q qi i
B

i
A

In contrast to when potential energy functions are interpolated,
the same electrostatic potential is used to evaluate the
electrostatic forces on both the atoms and the λ-particles.
Therefore, a single electrostatic calculation per time step
suffices. If the electrostatic interactions are modeled with the
smooth Particle Mesh Ewald method,44,45 the short-range real-
space interactions and long-range reciprocal-space interactions
are computed separately. For the pairwise short-range
interactions in real space, an additional calculation for each
interacting pair and a subsequent accumulation of the potential
at each atom is needed. Whereas this calculation comes at no
extra computational cost if the standard pair interaction kernels
are used, the accumulation leads to a measurable computational
overhead, as we will show later. For the mesh part of the PME
calculation, a gathering of potentials from the grid is required for
charges in λ-groups only, but this also comes at a negligible
computational overhead. Because the extra effort required to
compute the gradients on the λ‑particles is rather small, a
constant pHMD implementation based on charge interpolation
is computationally not much more expensive than a normal MD
simulation, which is a major improvement with respect to the
previous CpHMD implementation in GROMACS.23
Multisite Representation of Chemically Coupled

Titratable Sites. If titratable sites are “chemically” or
“topologically” coupled, the force field parameters of one site

depend on the value of the λ-coordinate of the other site, and vice
versa. For example, histidine can exist in three protonation states,
as shown in Figure 2. In most force fields, the partial charges of

all atoms in the His side chain, including the two sites, depend
on the protonation state. Hence, if the Nδ site changes
protonation, the electrostatic interactions of the Nϵ site are
also affected.
To model the chemically coupled sites in the histidine side

chain, Khandogin and Brooks introduced two λ-coordinates:22
one that interpolates between the double and single protonated
forms and a second coordinate switching between protonation
at the Nδ and the Nϵ atoms. Donnini et al. introduced separate
λ‑coordinates for Nδ and Nϵ.

23 In both solutions, the coupling
between the coordinates is achieved with a two-dimensional
correction potential.
Because extending the dimensionality beyond two coordi-

nates is difficult from both the implementation and para-
metrization perspective, Brooks and co-workers introduced a
multisite representation,46,47 where a separate λi,k-coordinate is
assigned to each physical state k of a titratable group i. For a
residue with multiple “chemically”-coupled titratable sites, each
λi,k-coordinate has the same state at λi,k = 0, while at λi,k = 1, the
group is in one of the ni possible protonation states (i.e., state k)
of residue i. The state at λi,k = 0 is the same for all λi,k-coordinates
in residue i but does not correspond to a physical protonation
state of the residue and neither do states for which the sum of the
λi,k-s is not equal to 1 (Figure 2). To restrict sampling to the
(hyper-)plane connecting the physical states, the sum of the
λi,k values is constrained (∑kλi,k = 1). Since the λ-dynamics

Figure 2.Multisite representation illustrated for a histidine side chain.
Each possible protonation state is represented by its own λ-coordinate.
HSP refers to doubly protonated histidine, HSD, and HSE to histidine
singly protonated at the Nδ or Nϵ, respectively. HS0 is a common,
nonphysical state of the residue. To restrict the sampling to the plane
connecting the physical states, a constraint λ1 + λ2 + λ3 = 1 is applied
(gray plane). A biasing potential is also applied to enhance sampling at
the end states, where one of the λ-coordinates is close to one, while the
other coordinates are close to zero.
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implementation in a fork of GROMACS relies on linear
λ‑coordinates, rather than on auxiliary circular coordinates that
would fulfill the constraints by construction,46,48 we apply a
constraint on the sum of λi,k-coordinates. To efficiently apply
this constraint, we use an analytical expression to solve a
generalized version of the charge constraint introduced by
Donnini et al.42 (see the Appendix). While an atom can be part
of multiple λi,k-coordinates in residue i, each affecting its charge,
we show in the Supporting Information that the expression for
the contribution of this atom to the total Coulomb energy is
identical to that of an uncoupled site (eq 17).
In the multisite representation, each λ-coordinate is

independent of the others and thus evolves on a one-
dimensional potential (eq 4), similar to that of “chemically”
uncoupled sites. However, in contrast to the uncoupled sites, the
correction potential VMM is multidimensional as its value
depends on all λi,k-coordinates representing each of the possible
protonation states of residue i. These potentials are obtained
through a least-squares fit of a multidimensional polynomial to
the ensemble-averaged gradients of the potentials with respect
to λi,k evaluated on the (ni − 1)-dimensional grid of the ni
coupled λ-coordinates, i.e., ⟨∂V/∂λi,k⟩λ1...λni. The fitting procedure
is explained in detail in the Supporting Information.
The multisite representation can be applied to residues with

any number of titratable sites, including residues with only a
single titratable site. In the latter case, two λ-coordinates,
corresponding to the protonated state (λi,1 = 1, λi,2 = 0) and
deprotonated state (λi,1 = 0, λi,2 = 1), are introduced with a
constraint on their sum (λi,1 + λi,2 = 1).

■ METHODS

We have implemented the algorithms for CpHMD with charge
interpolation in a fork of GROMACS software package (2021
release).49 The code and manuals are available for free at
https://gitlab.com/gromacs-constantph/constantph. Here we
verify the validity of our implementation for reproducing pKa
values of peptides and proteins. To demonstrate that the linear
interpolation of charges (eq 17) scales better with the number of
titratable sites in the system than the linear interpolation of
interaction functions (eq 15), we compared the scaling between
our new implementation, which is based on linear charge
interpolation on the one hand, and a previous implementation in
a fork of the GROMACS 3.3 release, which is based on linear
interpolation of the force field potentials on the other hand.23 To
estimate the additional computational effort required for
performing CpHMD with the new implementation, we also
compared the performance of a CpHMD simulation to that of a
normal MD simulations on both CPUs and GPUs.
Simulated Systems. To test the implementation, we

performed constant pH MD simulations of the following
systems: (1) glutamic acid (Glu), (2) aspartic acid (Asp), (3)
histidine (His), (4) Cardiotoxin V (PDB ID: 1CVO50), (5) hen
egg white lyzozyme (HEWL, PDB ID: 2LZT51), (6) the GLIC
pentameric ligand-gated ion channel (PDB ID: 4HFI52), and
(7) turkey ovomucoid inhibitor (PDB ID: 2GKR53).
In systems 1−6, the interactions were modeled with the

CHARMM3654 all-atom (AA) force field, with some
modifications in the torsion parameters to accelerate the
convergence. These modifications are presented and validated
in an accompanying paper, in which we report the application of
our constant pH implementation to lysine, C-, and N-termini.55
Systems 1−5 were also simulated with the Martini 2.0 coarse

grained (CG) force field.41 The martinize.py script was used to
automatically generate the CG representation of these
systems.56 System 7 was simulated to compare the efficiency
of interpolating charges and potentials. The interactions in this
system were modeled with the OPLS force field57 because the
GROMACS 3.3 release, on which the linear interpolation of
potentials implementation was based, does not support the
CMAP correction that is needed for the CHARMM36 force
field.58
The amino acids Glu, Asp, and His were modeled as

tripeptides Ala-X-Ala with acetylated N-terminus (ACE) and
N‑methylamidated C-terminus (CT3). The proteins were
simulated with charged termini. The tripeptides were placed
in a periodic rectangular box of dimensions 5 × 5 × 5 nm3 with
approximately 4000 CHARMM TIP3P59,60 water molecules in
the AA simulations and 950 polarizable water particles in the CG
simulations.61 The water-soluble protein cardiotoxin V was
placed in a periodic rectangular box of 7.9 × 7.9 × 7.9 nm3 and
filled with 16500 CHARMM TIP3P water molecules in the AA
simulations. In the CG simulations, the protein was placed
inside a periodic rectangular box of 5.7× 5.7× 5.7 nm3 and filled
with 1800 polarizable water particles. The larger water-soluble
protein HEWL was placed in a periodic rectangular box of
8.9 × 8.9 × 8.9 nm3 and filled with 23000 CHARMM TIP3P
water molecules in the AA simulations and 5400 polarizable
water particles in the CG simulations. Na+ and Cl− ions were
added to all systems at 0.15 M concentration to neutralize the
protein systems. The turkey ovomucoid inhibitor protein was
placed in a box of 4.9 × 4.9 × 4.9 nm3 with 3086 SPC62 water
molecules. The GLIC protein was embedded into a bilayer
membrane containing 498 phosphatidylcholine (POPC) lipids,
placed in a box of 14.0 × 14.0 × 15.9 nm3, and filled with 66494
CHARMMTIP3Pwaters, 58Na+, and 123Cl− ions. The system
contained 292135 atoms in total. The simulation of this system
was performed with the GROMACS 2021.4 release as reference.
TheGLIC benchmarks were run with default settings on an Intel
i9−7920X 12-core CPU and an Nvidia RTX 2080 Ti GPU. All
input configurations are provided as the Supporting Informa-
tion.
In the AA simulations, Coulomb interactions were modeled

with the smooth PMEmethod with a real-space cutoff of 1.2 nm
and a grid spacing of 0.14 nm,44,45 while Lennard-Jones
interactions were smoothly switched to zero in a range from
1.0 to 1.2 nm. In the CG simulations, Coulomb interactions
were modeled by a Reaction Field potential with a 1.1 nm cutoff,
ϵr = 2.5, and ϵRF = ∞, while Lennard-Jones interactions were
truncated at 1.1 nm.63 To keep the temperature constant at 300
K, we used the v‑rescale thermostat64 with time constants of 0.5
and 1.0 ps−1 for AA and CG simulations, respectively. The
pressure was kept constant at 1 bar with the Parrinello−Rahman
barostat65 with relaxation times of 2.0 and 12.0 ps for AA and
CG simulations, respectively. A leapfrog integrator was used
with an integration step of 2 and 20 fs for AA and CG
simulations, respectively. In the AA simulations, the LINCS
algorithm66 was used to constrain h-bond lengths of the solutes,
while the SETTLE67 algorithm was used to constrain internal
degrees of freedom of the water molecules. Prior to the constant
pH MD simulations, the potential energy of each system was
minimized using the steepest descent method, followed by 1 ns
of equilibration.

Constant pH MD Simulation Setups. In the atomistic
simulations, the multisite representation was used to model the
protonation states of titratable residues. Two λ-coordinates were
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introduced to model the two forms of the carboxylic acid side
chain in Asp and Glu, while three coordinates were used to
describe the three protonation states of the imidazole side chain
in His. In the CG simulations, the single-site representation was
used, in which the A and B states represent the protonated and
deprotonated states of the titratable beads. Because, in contrast
to AA force fields, there is no distinction between the two neutral
forms of the His side chain in the Martini force field, the single-
site description for HIS suffices in the CG simulations. In both
atomistic and coarse-grained simulations, the transformations
between the different protonation states were achieved by
changing the charges of the ionizable groups. The Lennard-
Jones and bonded terms (bonds, angles, and torsions) were kept
in the protonated and deprotonated states in AA and CG
simulations, respectively. We show in Figure S3 that the
contribution of these terms is sufficiently small to be neglected
without significant error. We note, however, that these terms can
be made λ-dependent as well, but this is beyond the scope of the
current work since the efforts to implement this are high.
The mass of the λ-particles was set to 5 atomic units, and their

temperature was maintained at 300 K by using a separate v-
rescale thermostat for the λ-coordinates with a time constant of
2.0 ps−1. For all λ-coordinates the biasing potential Vi

bias(λi) was
defined by equation S1 in the Supporting Information. The
barrier height of the double-well potential was set to 5.0 and
7.5 kJ/mol for AA and CG simulations, respectively. The
parameters for the double-well potential and the pH-dependent
potential (eq 4) are provided in Table S1.
For the tripeptides, we calculated five independent CpHMD

trajectories of 20 ns each at 13 pH values, ranging from 1.0 to 7.0
for the peptides with Glu and Asp, and from 4.0 to 10.0 for the
peptides with His. For the cardiotoxin V protein (three Asp and
one His titratable residues), we performed five independent
CpHMD simulations of 50 ns at 15 pH values between 1.0 to
8.0. For the HEWL protein (seven Asp, two Glu, and one His
titratable residues), we performed five independent CpHMD
simulations of 75 ns at 21 pH values between −1.0 to 9.0. The
values of the λ-coordinates were written to the output file with a
frequency of 1 ps−1.
Reference States and Force Field Correction Potentials.

The constant pH simulations of the aforementioned systems
require reference states for Asp, Glu, and His, in which the
proton affinity (pKa) is known from the experiment. The
measured and calculated (force field) deprotonation free
energies of these reference states were used to include the effect
of the pH bath, VpH(λ), as well as the effects of the breaking and
forming of chemical bonds in the simulation, i.e., VMM in eq 2.
The measured reference pKa values used in this work are
included in Table 1. Note that the experimental values were
obtained for pentapeptides, while tripeptides were used for
computing VMM. This however did not affect the results, as
shown in Figure S2.
Thermodynamic integration was used to compute the

reference free energies as follows: the partial charges in
tripeptide systems representing the reference states of Glu,
Asp, and His were linearly interpolated between λ = −0.1 and
λ = 1.1 with a step of 0.05 under the constraint λ1 + λ2 = 1 for Glu
and Asp, while for His, the constraint was λ1 + λ2 + λ3 = 1. For
each set of λ values, called a grid point, a 10 ns MD simulation
was performed. The ∂V/∂λi values were saved every ps, which is
approximately equal to the autocorrelation times for the
λ‑coordinates. The total charge of the system was kept neutral
by simultaneously changing the charge of a single buffer particle,

as discussed below. The ∂V/∂λi values were averaged over the
last 9 ns of the trajectories. To obtain an analytical expression for
VMM, a fifth-order polynomial was fitted to these averages for Asp
and Glu, while an eighth-order polynomial was fitted for His,
taking into account possible linear dependencies of the
coefficients (see the Supporting Information). Fitting errors
were below 0.5 kJ/mol for Asp and Glu and below 1 kJ/mol for
His, which are of similar magnitude as the statistical accuracy of
the derivatives.

Buffer Particles. Dynamically changing partial charges can
affect the total charge of the simulation unit cell, which can lead
to artifacts, as documented for instance in Hub et al. for Ewald-
based methods.68 To avoid such artifacts, it is essential to keep
the total charge of the unit cell constant. Two approaches have
been proposed: (i) direct coupling between each titratable
residue and a water,27 or ion,25 and (ii) titratable buffers that
collectively compensate for changes in charge of all titratable
residues.42

Table 1. pKa Values Obtained from Titration Simulationsa

tripeptide simulations69,70

pKa values

amino acid CHARMM36 MARTINI exp.

Asp 3.61 ± 0.03 3.69 ± 0.02 3.65
Glu 4.26 ± 0.04 4.30 ± 0.03 4.25
His macroscopic 6.34 ± 0.08 6.40 ± 0.03 6.42
His HSD 6.56 ± 0.06 6.53
His HSE 6.90 ± 0.05 6.94

simulation of cardiotoxin V71,72

pKa values

amino acid CHARMM36 MARTINI exp.

His-4 5.14 ± 0.16 4.54 ± 0.09 5.5
Glu-17 4.08 ± 0.08 4.36 ± 0.04 4
Asp-42 4.02 ± 0.10 4.30 ± 0.05 3.2
Asp-59 2.41 ± 0.07 1.45 ± 0.03 <2

r = 0.96 r = 0.80
MSE = 0.24 MSE = 0.64
RMSE = 0.49 RMSE = 0.80

simulation of HEWL73

pKa values

amino acid CHARMM36 MARTINI exp.

Glu-7 2.82 ± 0.07 4.86 ± 0.05 2.6
His-15 4.84 ± 0.05 5.42 ± 0.05 5.5
Asp-18 3.35 ± 0.05 3.31 ± 0.03 2.8
Glu-35 7.64 ± 0.13 6.36 ± 0.05 6.1
Asp-48 0.99 ± 0.07 3.36 ± 0.05 1.4
Asp-52 5.69 ± 0.12 7.18 ± 0.10 3.6
Asp-66 1.70 ± 0.10 5.22 ± 0.05 1.2
Asp-87 1.73 ± 0.03 3.47 ± 0.05 2.2
Asp-101 5.43 ± 0.11 4.20 ± 0.06 4.5
Asp-119 2.77 ± 0.05 3.80 ± 0.05 3.5

r = 0.90 r = 0.49
MSE = 0.96 MSE = 4.01
RMSE = 0.98 RMSE = 2.00

aThe reference pKa values for tripeptides are given in the last column
that contain the experimental pKa values. The values for Asp and Glu
are taken from ref 69, while the microscopic and macroscopic pKa
values for His are taken from ref 70. Experimental pKa values for
cardiotoxin V are from refs 71 and 72 and for HEWL from ref 73. For
both proteins Pearson correlation (r), MSE and RMSE errors are
provided.

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.2c00516
J. Chem. Theory Comput. XXXX, XXX, XXX−XXX

G



Here, we follow the latter approach, but with several
improvements for all-atom simulations. First, to avoid restraints,
which were needed to minimize interactions between the buffers
and the titrable sites in previous work,42 we introduced buffer
particles with both small LJ radius and small partial charges of
maximal |0.5|e, such that they do not disturb the hydrogen bond
network, nor interact too strongly with the titratable sites or
other buffers. Second, to also prevent strong interactions with
hydrophobic regions in the system, the C(6) dispersion
parameter with anything other than water was set to zero,
including the other buffers. The latter also avoids the clustering
of buffers during the simulation. Thus, the buffer particles have
an σ of 0.25 nm and an ϵ of 4 kJ/mol. Further details on buffer
parametrization are provided in the accompanying paper.55 In
coarse-grained simulations, standard Na+ ions were used as
buffer particles.
As in Donnini et al.,42 the buffers were collectively coupled to

the titratable sites in the system via a charge constraint. The
charges of all buffers were thus simultaneously interpolated
between −0.5e and 0.5e, keeping the simulation box neutral. For
all peptide simulations, 10 such buffers were introduced into the
system, while 20 and 50 buffers were added to the simulation
boxes with cardiotoxin V and HEWL proteins (systems 4−5),
respectively, in both AA and CG models. 185 buffer particles
were used in GLIC simulations.
Analysis of the Constant pH Trajectories. To estimate

the pKa values of titratable groups from multiple simulations at
various pH values, we computed the average fraction of
deprotonated frames (Sdeprot) over all replicas. For a group
with a single titratable site, this average was obtained as

=
+

S N
N N

(pH)deprot
deprot

prot deprot (18)

where Nprot and Ndeprot are the total number of frames in which
the site is protonated and deprotonated, respectively. For

titratable sites modeled in the single-site representation, we
considered it protonated if λ is below 0.2 and deprotonated if λ is
above 0.8. For sites that are described with the multisite
description, we considered a state protonated if the λ associated
with the protonated form of the residue is above 0.8 and
deprotonated if the λ associated with the deprotonated form of
the residue is above 0.8.
To estimate the macroscopic pKa values of histidine, which

contains two titratable sites Nϵ and Nδ, we calculated for each
pH value the average fraction of frames in which the residue is
deprotonated at either of the two sites:

=
+ +

S
N

N N N
(pH) 1macro

deprot
p

p (19)

where Nλp, Nλϵ, and Nλδ are the numbers of frames in which
λp > 0.8, λϵ > 0.8, and λδ > 0.8 (Figure 2). To estimate the
microscopic pKa values for the two sites of His, we calculated for
each site the average fraction of frames in which that site was
deprotonated:

=
+

S N
N N

(pH)micro( / )
deprot

/

/p (20)

Errors were estimated from the standard error of the mean for
the different replicas.
The averaged fractions at each pH value were fitted to the

Henderson−Hasselbalch equation:

=
+

S
1

10 1K
deprot

(p pH)a (21)

which yielded the pKa values as fitting parameters. The error in
the pKa was estimated from the 95% confidence interval for the
nonlinear least-squares fit to the average (Sdeprot) values.

Figure 3. Titrations of tripeptide amino acids (Glu, Asp, and His) in water. The top and bottom rows show titrations performed with the modified AA
CHARMM3655 and CG Martini41 force fields, respectively. In all simulations, neutrality was maintained by including ten buffer particles in
combination with the charge constraint. Dots show the fraction of frames in which the residue is deprotonated, and the dashed lines represent the fits to
the Henderson−Hasselbalch equation. For His, the blue color represents the macroscopic pKa, while yellow and red represent the microscopic pKa
values for HSD (proton on Nδ) and HSE (proton on Nϵ), respectively. In the Martini 2.0 model, HSD and HSE are indistinguishable and hence only
themacroscopic titration curve is shown. Errors of Sdeprot were estimated from the standard error of themean for the different replicas. From the fits, the
pKa values were estimated and listed in Table 1.
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■ RESULTS AND DISCUSSION

Here we discuss the results obtained with our new
implementation of constant pH into the fork of the GROMACS
2021 release.49 While here our focus is on the validity and
performance of the constant pH MD implementation, the
convergence of the conformational and λ degrees of freedom are
investigated systematically in the accompanying paper.55
Titration of Single Amino Acids. In Figure 3, we show the

titration curves for AlaAspAla, AlaGluAla, and AlaHisAla
tripeptides, obtained from simulations with the modified all-
atom CHARMM3655 and coarse-grained Martini 2.0 force
fields.41 Fitting the deprotonated fractions as a function of pH
value to the Henderson−Hasselbalch equation (dashed lines in
Figure 3) yields pKa values for the tripeptides that are within 0.1
pKa units from the reference values. Comparing the titration
curves obtained with the Martini 2.0 force field in our
implementation to those computed with the constant pH
approach developed explicitly for this coarse-grained model,34
our results suggest a much better agreement with the experiment
than the latter. We attribute this difference to the more
sophisticated explicit treatment of proton-like particles in the
Martini constant pH approach. The rather good agreement
between the titration curves obtained for both force fields on the
one hand and the experiment on the other hand suggests that
our implementation has little to no dependency on the force
field, in line with the GROMACS philosophy of supporting a
wide range of popular force fields.
Titration of Proteins. The titration curves of cardiotoxin V

and HEWL proteins are shown in Figures 4 and 5, respectively.
The pKa values obtained from fitting the Henderson−
Hasselbalch equation to the degree of deprotonation in the
all-atom simulations of both proteins with the CHARMM36
force field, listed in Table 1, are in good agreement with previous
constant pH MD simulations30,74 and in reasonable agreement

with experimental estimates from NMR spectroscopy [Pearson
correlation coefficient (r) 0.96 and 0.9, RMSE 0.49 and 0.98 for
cardiotoxin V and HEWL, respectively].71−73 The pKa values
and Sdeprot are converged in 50 ns, as discussed in the Supporting
Information section 5 (Figures S6−S9). Analysis of the RMS
deviation of the backbone and of the RMS fluctuation of the
residues, plotted in Figures S10−S13, suggest no major
influence of the pH on the structural stability of these proteins.
The titration correlates with solvent exposure, which contributes
to the stabilization of the charged protonation state (see
Supporting Information section 7) (Figures S14−S16). The
trends in the pKa shifts are well reproduced, including the
downshift of Asp-59 in cardiotoxin V, and, with the exception of
Glu-35 and Asp-52 in HEWL, the deviations are below 1 pKa
unit. We note that also in previous constant pH simulations with
the CHARMM force field,22,30 similar deviations were found for
these two residues (see Figure S5). This suggests that the origin
of the discrepancy might lie beyond the implementation, and
could be due to either a lack of sampling or systematic
shortcomings in the force field, as was discussed inHuang et al.30
For detailed insights into the structural origins of these pKa
shifts, we refer the reader to the paper of Swails and Roitberg.19
The pKa values estimated from the Martini 2.0 force field

simulations of these proteins do not agree as well with the
experiment as those derived from the all-atom simulations
(Pearson correlation coefficient (r) 0.8 and 0.49; RMSE 0.8 and
2.0 for cardiotoxin V and HEWL, respectively). We speculate
that the larger deviation of the pKa’s in the coarse-grained
constant pH simulations could be due to the lower accuracy of
the electrostatic interactions. Although we still consider the
results obtained with the Martini simulations reasonable, in
particular for the peptides, the discrepancies for the titratable
residues in proteins suggest that additional parametrization
efforts may be required to systematically improve the force field
for constant pH MD simulations based on λ-dynamics. Such
improvements would be particularly worthwhile considering
coarse grained simulations pave the way to perform MD
simulations of complete organelles,75 in which many processes
have a strong pH dependence.

Efficiency of the Implementation. To demonstrate that
linear interpolation of charges is computationally more efficient
than the linear interpolation of the potential energy functions for
systems with many titratable sites, we investigated how the
computational cost of a simulation scales with the number of
titratable sites in the system for both approaches. Because we
have implemented the interpolation of the charges rather than
potential energy functions into the fork of GROMACS 2021
release, whereas the potential energy function interpolation was
implemented in a fork of GROMACS 3.3 release, we compare
the relative performances of both codes for an increasing
number of titratable sites in the system. We define the relative
performance as the ratio between the average number of
integration steps per time unit for a simulation with constant pH
on the one hand and the average number of integration steps per
time unit for a normal simulation without constant pH on the
other hand.
Figure 6A shows that the relative performance of constant pH

simulations with charge interpolation does not decrease when
the number of titratable sites included in the simulation
increases. Most of the 30−40% drop in performance compared
to a normal MD simulation with the same version of
GROMACS is caused by the additional calculations and
reductions in the nonbonded pair-interaction kernels that are

Figure 4. Titration curves of the cardiotoxin V protein obtained from
constant pHMD simulations with the CHARMM36 (top) andMartini
2.0 force fields (bottom). For each of the four titratable residues in this
protein, the dots show the fraction of frames in which the residue is
deprotonated. Errors of Sdeprot were estimated from the standard error
of the mean for the different replicas. The lines show the best fits to the
Henderson−Hasselbalch equation. The pKa values for each titratable
residue were estimated from these fits and listed in Table 1. The right
panel shows the protein structure with the four titratable residues
highlighted in stick representation.
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required to obtain the real-space part of the electrostatic
potential (Φ(Ri, λ) in eq 17).
In contrast, the relative performance of constant pH

simulations based on the linear interpolation of potential energy
functions decreases with the number of titratable sites in the
system. This comparison thus demonstrates that by replacing
linear interpolation of potentials with linear interpolation of
partial charges, we have overcome the major bottleneck in the
earlier constant pH implementation in the fork of GROMACS
3.3 release and paved the way toward simulations of large
biomolecular systems at constant pH.
An example of such a large system is the proton-gated ion

channel GLIC, a membrane protein with 185 titratable residues.
Figure 6B shows the performance of the new implementation for
this large system when running the simulation on CPU and on a

combination of CPU and GPU. While the computational
overhead is somewhat larger when using a GPU in addition to a
CPU, the overall performance still improves significantly when
adding a GPU. We have also implemented a parallel version
using MPI. For the GLIC system, the code scales up to 256
cores, on the Mahti supercomputer at CSC, with a performance
of 42 ns/day, compared with 61 ns/day without constant pH.

■ CONCLUSIONS

We have presented and validated a new implementation of
λ‑dynamics based constant pH molecular dynamics in the
GROMACS software. Our implementation combines several
developments in this field into a single MD program, including
the multisite representation of titratable groups,46 charge
interpolation,21 Particle Mesh Ewald electrostatics,30 and charge

Figure 5. Titration curves of the HEWL protein obtained from constant pHMD simulations with the CHARMM36 (top) andMartini 2.0 force fields
(bottom). For each of the ten titratable residues, the dots show the fraction of frames in which that residue is deprotonated. Errors of Sdeprot were
estimated from the standard error of the mean for the different replicas. The lines show the best fit to the Henderson-Hasselbach equation. The pKa
values for each titratable residue were estimated from these fits and listed in Table 1. The right panel shows the protein structure with the ten titratable
residues highlighted in stick representation.

Figure 6. (A) Relative performance of interpolating potentials in a previous implementation of CpHMD into a fork of GROMACS 3.3 release (blue)
and of charge interpolation in our new implementation (red) as a function of the number of titratable sites. The simulations were performed for the
turkey ovomucoid inhibitor protein (PDB ID: 2GKR53), shown in the inset, where the titratable sites are highlighted in stick representation. (B)
Comparison of the performance between CPU-only and CPU+GPU implementations for the ligand-gated ion channel GLIC (PDB ID: 4HFI52) with
185 titratable sites. In total, the GLIC system contained 292135 atoms.
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constraints.42 Test calculations on amino acids and proteins
suggest that the new implementation is efficient, accurate, and
agnostic to force fields. Combined with user-friendly para-
metrization protocols, presented in the accompanying paper,55
we expect that this implementation will pave the way toward
routinely including the effect of pH in biomolecular MD
simulations.76

■ APPENDIX: CONSTRAINT ALGORITHM

We use constraints to restrict sampling to the correct
protonation states in the multisite representation as well as to
maintain a neutral charge of the simulation box. Both multisite
and charge constraints keep the linear combination of a subset of
λ-coordinates constant and are applied simultaneously. Thus,
there are Nc constraint equations

= =
=

C( )k
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i
k

i
k

1

sites

(22)

for k≤Nc. Here, λ is the vector of all λi-coordinates, andCk is the
value of constraint k, which can be zero. If σk(λ) is a multisite
constraint, αi

k = 1 for λi-coordinates that represent one of the
protonation states of a residue, while αi

k = 0 for all other
λi‑coordinates. If σk(λ) is a constraint for keeping the overall
charge constant, αi

k = ∑j
Natoms

i

qj,iB − qj,iA, with Natoms
i the number of

atoms whose charges change as a function of λi.
During a leapfrog integration step, all λi-coordinates are first

propagated without constraints to their unconstrained new
values λiu, which do not fulfill the constraints in eq 22. To obtain
the constrained λic values, we first connect the constrained and
unconstrained λi values using the definition of σk(λ):
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Because the unconstrained and constrained λi-coordinates are
also connected by the constraint forces =Gi
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where ζk is the Lagrange multiplier for constraint k, mi the
fictitious mass of λi, and Δt the integration time step.
Substituting eq 24 in 23 yields
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which after rearranging can be expressed as
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The last expression can be rewritten in matrix form

= = A( , ..., )N T1 c (27)

where ζ = (ζ1,···,ζNc)T and
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Because the αi
k coefficients remain the same, matrix A is

computed once at the start of the simulation. At each step, the
elements Δσk are evaluated as the difference between the σk(λu)
and σk(λc) = Ck:

= C( )k k u k (29)

The Lagrange multipliers ζk are then obtained from eq 27 and
used to correct the unconstrained λi values (eq 24).
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ABSTRACT: Various approaches have been proposed to include the effect
of pH in molecular dynamics (MD) simulations. Among these, the
λ-dynamics approach proposed by Brooks and co-workers [Kong, X.;
Brooks III, C. L. J. Chem. Phys. 1996, 105, 2414−2423] can be performed
with little computational overhead and hfor each typeence be used to
routinely perform MD simulations at microsecond time scales, as shown in
the accompanying paper [Aho, N. et al. J. Chem. Theory Comput. 2022, DOI:
10.1021/acs.jctc.2c00516]. At such time scales, however, the accuracy of the
molecular mechanics force field and the parametrization becomes critical.
Here, we address these issues and provide the community with guidelines on
how to set up and perform long time scale constant pH MD simulations. We
found that barriers associated with the torsions of side chains in the
CHARMM36m force field are too high for reaching convergence in constant
pH MD simulations on microsecond time scales. To avoid the high computational cost of extending the sampling, we propose small
modifications to the force field to selectively reduce the torsional barriers. We demonstrate that with such modifications we obtain
converged distributions of both protonation and torsional degrees of freedom and hence consistent pKa estimates, while the
sampling of the overall configurational space accessible to proteins is unaffected as compared to normal MD simulations. We also
show that the results of constant pH MD depend on the accuracy of the correction potentials. While these potentials are typically
obtained by fitting a low-order polynomial to calculated free energy profiles, we find that higher order fits are essential to provide
accurate and consistent results. By resolving problems in accuracy and sampling, the work described in this and the accompanying
paper paves the way to the widespread application of constant pH MD beyond pKa prediction.

■ INTRODUCTION

Thanks to improvements in algorithms, force fields, and
computer hardware, molecular dynamics (MD) simulations
have become a versatile tool for investigating the conforma-
tional landscape of complex biomolecular systems at the
atomic level.1−5 An important algorithmic improvement has
been the explicit inclusion of pH in MD simulations,6−12 as pH
is an important experimental parameter that affects the
structure and dynamics of biomolecules. To provide the
users of the GROMACS MD package13 with access to
simulations at constant pH, we have implemented the
λ-dynamics-based constant pH approach by Brooks and co-
workers.9,14 In contrast to the previous implementation in a
fork of GROMACS 3.3,10 the new implementation, which is
described in an accompanying paper,15 is efficient and constant
pH MD simulations can be performed with about 25% for
CPU, 30−40% for CPU + GPU computational overhead
compared to normal MD simulations irrespective of the
number of titratable sites in the system. In the accompanying
methodological paper,15 we also demonstrate that the method
can be successfully applied to calculate pKa values of titratable

sites in a protein. The purpose of this paper is to provide users
with guidelines and recommendations on how to set up and
perform constant pH MD simulations, including the necessary
parametrization steps.
In constant pH MD simulations, titratable groups can

dynamically change their protonation state. These changes are
driven by interactions between the group and the chemical
environment (modeled with a force field) and the aqueous
proton concentration (modeled with a pH potential). Because
at the force field level a number of contributions to the free
energy of (de)protonation are not included explicitly, i.e.,
quantum mechanical interactions associated with bond break-
age and formation as well as the actual proton particle,
corrections to the force field are needed in λ-dynamics-based
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constant pH MD. In GROMACS, these corrections are
implemented as analytical functions, VMM(λj), fitted to the
free energy profile associated with the deprotonation of a
titratable residue j at the force field level.15
The accuracy of such free energy profiles depends not only

on how closely the force field model represents the true
potential energy surface but also on the convergence of
sampling of all other degrees of freedom in the system.
Therefore, whereas in normal MD the accuracy of the
dynamics depends solely on the quality of the force field, the
accuracy of λ-dynamics-based constant pH MD depends
additionally on whether all relevant degrees of freedom are
sampled sufficiently in the simulations required for para-
metrizing the correction potentials.
We found that insufficient sampling of the dihedral degrees

of freedom in the amino acid side chains can lead to poor
convergence in the deprotonation free energy profiles, as also
observed by Klimovich and Mobley in simulations without
constant pH.16 We traced the lack of the dihedral sampling to
the barriers that separate the minima in the torsion potentials.
These barriers are too high to reach a converged sampling of
the dihedral free energy landscape on the time scales of typical
constant pH MD simulations. Because the interaction between
the titratable group and the environment depends critically on
the dihedral angles of the side chain, a lack of convergence in
these dihedral angles also affects the sampling of the
protonation states.
Rather than increasing the time scale of the MD simulations

to obtain converged dihedral and protonation state distribu-
tions or introducing enhanced sampling techniques,12,17−21 we
propose reducing the barriers for dihedral rotations in a
systematic way. We will demonstrate that such optimized
dihedral force field parameters improve pKa estimates of amino
acids without compromising the overall conformational
sampling of the protein.
With a higher accuracy of the underlying deprotonation free

energy profiles, we found that the correct sampling of
protonation states also depends critically on the order of the
polynomial fit used to obtain an analytical form for the
correction potential. We show that the commonly accepted
first-order fit,12 although firmly based on linear response

theory,22 is not sufficiently accurate and can lead to erroneous
protonation dynamics in constant pH MD simulations.
Because the dominant energetic contribution to proton

affinity comes from electrostatic interactions,22 it is of utmost
importance to use an accurate description of such interactions.
Constant pH MD simulations have been performed with
various electrostatic models, including generalized Born,9
shifted cutoff,23 and particle mesh Ewald (PME).10,12 Of
these methods, the Ewald summation-based PME method24,25
is generally considered to provide the most accurate
description of the electrostatic interactions in periodic
biomolecular systems.26 Because Ewald summation can only
provide accurate results if the simulation box remains neutral,27
the charge fluctuations associated with the dynamic proto-
nation and deprotonation in constant pH MD simulations
need to be compensated to prevent artifacts. Titratable sites
can be directly coupled to special particles, modeled as ions or
water molecules,21,28 such that charge is transferred directly
between the titratable site and that particle. Alternatively, all
sites can be coupled collectively to a sufficiently large number
of buffer particles.29 The latter approach has the advantage that
spontaneous fluctuations in the interaction of the buffer
particles with their environment affect all titratable sites to the
same extent. The disadvantage is that the setup and
parametrization of the buffer approach are more involved, as
these require selecting the number of buffers and parametrizing
their interaction with the rest of the system. To facilitate the
use of buffers in constant pH MD, we provide a para-
metrization strategy aimed at preventing buffer clustering,
buffer binding to titratable sites, and buffer permeation into
hydrophobic regions. We demonstrate that buffers para-
metrized with this strategy also avoid finite-size effects
associated with the periodicity of small simulation boxes.30,31

■ METHODS

Here, we go through all of the important aspects of the
simulation setups.

Simulated Systems. We performed standard and constant
pH MD simulations of the systems listed in Table 1. The
original and modified (described in detail below)
CHARMM36m32,33 force fields were used in all simulations.

Table 1. Table of Simulated Systemsa

system box size (nm3) no. of waters no. of ions force field

BUF1 5 × 5 × 5 ∼4000 11 Na, 11 Cl, 2 Buf CHARMM36m
BUF2 3 × 3 × 3 ∼3000 1 or 2 Buf CHARMM36m
ADA 5 × 5 × 5 ∼4000 11 Na, 11 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
ADA3 3 × 3 × 3 ∼850 2 Na, 2 Cl, 10 Buf CHARMM36m-cph
ADA7 7 × 7 × 7 ∼11100 31 Na, 31 Cl, 10 Buf CHARMM36m-cph
ADAlow salt 5 × 5 × 5 ∼4000 4 Na, 4 Cl, 10 Buf CHARMM36m-cph
ADAhigh salt 5 × 5 × 5 ∼4000 38 Na, 38 Cl, 10 Buf CHARMM36m-cph
AEA 5 × 5 × 5 ∼4000 11 Na, 11 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
AKA 5 × 5 × 5 ∼4000 11 Na, 12 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
AHA 5 × 5 × 5 ∼4000 11 Na, 12 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
AAA1 5 × 5 × 5 ∼4000 11 Na, 12 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
AAA2 5 × 5 × 5 ∼4000 11 Na, 11 Cl, 1 or 10 Buf CHARMM36m, CHARMM36m-cph
1CVO1 6.8 × 7.8 × 7.1 ∼12400 35 Na, 48 Cl, 20 Buf CHARMM36m, CHARMM36m-cph
1CVO2 7.1 × 7.1 × 7.1 ∼11400 13 Cl, 150 Buf CHARMM36m
MEMB1 5.9 × 5.9 × 8.1 ∼4200 8 Na, 8 Cl, 50 Buf CHARMM36m
MEMB2 5.9 × 5.9 × 8.1 ∼4200 8 Na, 8 Cl, 1 Buf CHARMM36m
SOL 4.3 × 4.3 × 4.3 ∼2600 50 Buf CHARMM36m

aWe denote the modified CHARMM36m force field as CHARMM36m-cph.
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The table also presents the box size, the number of
CHARMM36 TIP3P water molecules,34−36 the number of
ions, and buffer particles included in each system. The fitting
coefficients of the VMM correction potential for the buffer
particles were obtained with system BUF1. To find the optimal
charge range and Lennard−Jones parameters for the buffer
particles, enhanced sampling simulations with the accelerated
weight histogram (AWH) method were performed on system
BUF2. Systems ADA, AEA, AKA, and AHA are alanine
tripeptides with capped termini and as the central residue
aspartic, glutamic, lysine, and histidine amino acids,
respectively. AAA1 and AAA2 systems are alanine tripeptides
with protonated termini. C- and N-termini were made
titratable in AAA1 and AAA2 systems, respectively. Two sets
of simulations of the cardiotoxin V protein were performed.
System 1CVO1 was used to calculate the pKa values of
titratable residues, while the larger system 1CVO2 was used to
compute the radial distribution function of the buffer particles
around the protein. The membrane systems MEMB1 and
MEMB2 contained 106 1-palmitoyl-2-oleoyl-glycero-3-phos-
phocholine (POPC) lipids. The starting coordinates and
topologies of all systems are provided as Supporting
Information.
Simulation Setup. Periodic boundary conditions were

applied in all systems. Electrostatic interactions were modeled
with the particle mesh Ewald method,24,25 while van der Waals
interactions were modeled with Lennard−Jones potentials
which were smoothly switched to zero in the range from 1.0 to
1.2 nm. Simulations were performed at a constant temperature
of 300 K, maintained by the v-rescale thermostat,37 with a time
constant of 0.5 ps−1 and at a constant pressure of 1 bar,
maintained by the Parrinello−Rahman barostat,38 with a
period of 2.0 ps. The leapfrog integrator with an integration
step of 2 fs was used. Bond lengths to hydrogens in the solute
were constrained with the LINCS algorithm,39 while the
internal degrees of the CHARMM TIP3P water molecules35,36

were constrained with the SETTLE algorithm.40 Prior to the
constant pH MD simulations, the energy of all systems was
minimized using the steepest descent method, followed by a
1 ns equilibration.
Constant pH MD Simulation Setup. In the constant pH

MD simulations, the mass of λ-particles was set to 5 atomic
units and the temperature was kept constant at 300 K with a
separate v-rescale thermostat for the λ degrees of freedom37

with a time constant of 2.0 ps−1. The single-site representation,
defined and described in the accompanying paper,15 was used
for Asp, Glu, Lys, C-ter, and N-ter, whereas the multisite
representation, also described in that paper, was used for
His.15,41,42 The multisite representation models each physical
state of groups with chemically coupled titratable sites with an
independent λ-coordinate and takes chemical coupling into
account by applying the linear constraint on these
λ-coordinates requiring = 1i igroup

group .15 The same pH
and biasing potentials were used as in Aho et al.15 In the
sampling simulations of single titratable residues, the pH was
set equal to the pKa and the barrier height of the biasing
potential was set to zero. The titration of the cardiotoxin V
(PDB ID 1CVO43) protein was performed by running 10
independent replicas of 100 ns each for 15 equidistantly spaced
pH values in the range from 1.0 to 8.0 using both the original
and a modified CHARMM36m force field. In the titration
simulations, the barrier height of the biasing potential was set

to 7.5 kJ mol−1 for groups modeled with a single-site
representation and to 5 kJ mol−1 for groups modeled with a
multisite representation.

Reference Simulations. The constant pH simulations
require a correction potential VMM(λj) for each titratable
residue j. These correction potentials are the integrals of
polynomial fits to the expectation value of ⟨∂V/∂λ⟩λ in
reference state simulations at fixed λ-values.15 Thus, after
integration, an nth-order polynomial fit to ⟨∂V/∂λ⟩λ yields an
(n + 1)th-order polynomial function that represents VMM(λ).
However, in our implementation, the fit to ⟨∂V/∂λ⟩λ was used,
rather than VMM(λ). We thus refer to the fitting order as the
order of the polynomial fit to ⟨∂V/∂λ⟩λ.
We performed the reference simulations as follows: The

partial charges in the tripeptide systems were linearly
interpolated between λ = −0.1 and λ = 1.1 with a step of
0.05. For His, all three λ coordinates were changed under the
constraint λ1 + λ2 + λ3 = 1. For each set of λ-values, called a
grid point, we performed an 11 ns MD simulation in which the
∂V/∂λj were saved every picosecond and accumulated. The
total charge of the system was kept neutral by simultaneously
changing the charge of a single buffer particle. The fitting
procedure is described in full detail in the accompanying
paper.15

Dihedral Free Energy Profiles. Because the sampling of
protonation states is tightly coupled to the sampling of side
chain dihedral degrees of freedom, we computed the free
energy profiles associated with the rotation of the dihedrals in
the side chain of the central amino acid in the capped
tripeptide systems (Table 1) by means of umbrella
sampling.44,45 As the first step, we performed 20 ns MD
simulations with a time-dependent potential on the dihedral
angle with a force constant of 418.4 kJ mol−1 rad−2. The center
of this potential was moved from 0° to 360° with a rate of 18°
ns−1. From these simulations, frames with dihedral angles
closest to 0°, 10°, 20°, etc., were selected as references for the
umbrella replicas. The difference between the dihedral angle in
the selected frames and the target angle was always below 0.1°.
Then, we performed 36 umbrella sampling simulations of 11 ns
with a harmonic restraining potential centered at the reference
dihedral angle and a force constant of 418.4 kJ mol−1 rad−2. We
used the WHAM procedure,46 implemented in GROMACS,47
to unbias these umbrellas and obtain free energy profiles
associated with the full rotation of the dihedral angle.

Dihedral Potential Energy Profiles at the QM and MM
Levels. To check the validity of the proposed force field
modifications, we computed the potential energy profiles for
the N−Cα−Cβ−Cγ dihedral of aspartic acid with capped
residues. The profiles were computed at both quantum
mechanical (QM) and molecular mechanical (MM) levels.
The QM profiles were computed at the MP2/6-31+G* level of
theory using the Firefly QC package,48 which is partially based
on the GAMESS (US)49 source code. The MM profiles were
computed for both the original and the modified
CHARMM36m force fields. The potential energy was
computed for the N−Cα−Cβ−Cγ dihedral angle with 10°
increments. For each dihedral value, the structures were energy
minimized prior to potential energy calculation.

Accelerated Weight Histogram Alchemical Simula-
tions. Buffer particles are used in constant pH MD to maintain
the neutrality of the simulated system. Ideally, buffers should
not introduce any artifacts due to binding to titratable groups,
binding to each other, or penetrating into hydrophobic regions.
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To prevent such behavior, we optimized the charge range and
Lennard−Jones parameters of the buffers. To this end, we
performed a series of enhanced sampling simulations with the
accelerated weight histogram method (AWH).50,51 In one set
of simulations with two buffers in the simulation box (BUF2,
Table 1), we quantified the sampling efficiency from the
friction metric50,51 as a function of the absolute charge per
buffer particle. In these simulations, the charge of one buffer
was changed from 0 to +0.8 while simultaneously the charge of
the other buffer was changed from 0 to −0.8 in order to
maintain neutrality. The CHARMM36m Lennard−Jones
parameters for sodium were used for the buffers in these
simulations. In the other set of simulations, we computed the
free energy difference between introducing a neutral buffer in
water (BUF2) and inside the hydrophobic region of a POPC
bilayer system (MEMB2, Table 1) for various values of the
Lennard−Jones parameters of the buffer. In these simulations,
the Lennard−Jones interactions between the buffer and the
rest of the system were increased from noninteracting at λ = 0
to fully interacting (λ = 1) in 10 discrete steps. For all systems,
we simulated 10 replicas of 10 ns, from which the free energy
differences and friction coefficients were obtained as averages
over the replicas.
Dihedral Analysis. Distributions of side chain dihedral

angles in proteins were derived from publicly shared MD
trajectories of proteins with PDB IDs 1U19,52 2RH1,53

2Y02,54 and 5UEN55 obtained from the GPCRMD56 and
SARS-CoV-2 databases (https://covid.molssi.org/).57 For
each trajectory, the distributions of the following dihedral
angles were calculated:

(1) N−Cα−Cβ−Cγ in aspartic acid
(2) N−Cα−Cβ−Cγ in glutamic acid
(3) Cα−Cβ−Cγ−Cδ in glutamic acid
(4) N−Cα−Cβ−Cγ in histidine
(5) H−Oϵ2−C−Oϵ1 in aspartic and glutamic acids.
In this work, we also computed the distributions of these

dihedrals from standard MD trajectories of cardiotoxin V
(PDB ID 1CVO43).

Comparisons of Distributions. To compare two
distributions Pi(x) and Pj(x), with the corresponding
cumulative distribution functions Fi(x) and Fj(x), we used
Kolmogorov−Smirnov statistics (KSS)58

= [ ]F F F x F xKSS( , ) sup ( ) ( )i j
x

i j
(1)

The larger the KSS, the less similar the distributions
are. The distributions were considered consistent when
KSS(Fi, Fj) < 0.03. The KSS was computed using the script
from the PCAlipids package.59,60

Titration. To estimate the pKa values of titratable groups
from multiple simulations at various pH values, we computed
the average fraction of deprotonated frames (Sdeprot) over all
replicas at each pH value. For a group with a single titratable
site, this average was obtained as

=
+

S
N

N N
(pH)deprot

deprot

prot deprot (2)

where Nprot and Ndeprot are the total number of frames in which
the site is protonated and deprotonated, respectively. For
titratable sites modeled with the single-site representation, we

Figure 1. Distributions of the λ-coordinate (A and E) and dihedrals (B−D and F−H) in constant pH MD simulation of Asp with the original
(A−D) and modified CHARMM36m (E−H) force field. While the simulations were performed for an ADA tripeptide, only the central aspartic
acid is shown for clarity in the inset of A. (A and D) Distributions for third-order fits for ⟨∂V/∂λ⟩λ obtained with the original force field. Different
colors correspond to independent replicas. Distributions for the λ-coordinate (A) as well as distributions for N−Cα−Cβ−Cγ (B) and O

1
-Cγ-O 2

-
H

2
(D) dihedrals are not identical. Right column (E−H) shows the distributions for the modified CHARMM36m force field with third-order fit

for ⟨∂V/∂λ⟩λ. Distributions are identical.
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considered the site protonated if λ is below 0.2 and
deprotonated if λ is above 0.8. For sites that are described
with the multisite description, we considered a state
protonated if the λ associated with the protonated form of
the residue is above 0.8 and deprotonated if the λ associated
with the deprotonated form of the residue is above 0.8.
To estimate the macroscopic pKa value of histidine, which

contains two titratable sites Nϵ and Nδ, we calculated for each
pH value the average fraction of frames in which the residue is
deprotonated at either of the two sites

=
+ +

S N
N N N

(pH) 1macro
deprot

p

p (3)

where N p, N , and N are the number of frames in which
λp > 0.8, λϵ > 0.8, and λδ > 0.8.
The averaged fractions at each pH value were fitted to the

Henderson−Hasselbalch equation

=
+

S
1

10 1K
deprot

(p pH)a (4)

which yielded the pKa values as fitting parameters.

■ RESULTS AND DISCUSSION

First, we demonstrate that a lack of sampling of the relevant
dihedral degrees of freedom in amino acid side chains with the
CHARMM36m force field reduces the accuracy of the
correction potentials for λ-dynamics. To overcome these
convergence problems, we modify the force field by reducing
the barriers in the torsion potential and show that this
significantly improves the accuracy of the correction potentials

and hence the results of constant pH simulations, including
pKa estimates, without affecting the protein conformational
dynamics. After the validation of the modified force field
parameters, we show how the buffer particles that maintain the
neutrality of the simulation box have to be parametrized to
prevent finite-size effects on proton affinities due to
periodicity.30,31

Sampling. Klimovic and Mobley have shown that
calculated hydration free energies of single amino acids depend
on the starting conformation.16 Because a few picoseconds
typically suffice to sample bond and angle degrees of freedom
in the amino acid as well as the rotational degrees of freedom
of the water molecules, we speculate that their observation
implies a lack of sampling in the dihedral degrees of freedom in
the amino acid side chain. Therefore, we systematically
analyzed the convergence of both λ-coordinates and dihedral
angles during constant pH simulations of single amino acids in
water.
We performed 100 ns constant pH MD simulations at

pH = pKa of systems ADA, AEA, AKA, AHA, AAA1, and AAA2
(Table 1). To enhance the sampling of the λ-coordinate in
these systems, we ran the simulations without a barrier in the
biasing potential (Vbias(λ), eq 5 in Aho et al.15). The correction
potential (VMM(λ), eq 5 in Aho et al.15) was obtained by fitting
a third-order polynomial function to the ⟨∂V/∂λ⟩λ values of the
reference trajectories. We will show later that for accurate and
reproducible constant pH MD results, a higher order fit is
required. Nevertheless, in spite of its limited accuracy, using
the same third-order fit for all system suffices to systematically
compare the distributions of the relevant degrees of freedom
and assess their convergence.

Figure 2. Distributions of dihedral angles for which the torsion potentials were corrected from standard MD simulations. (A) Dihedral distributions
from publicly available trajectories56,57 (total simulation time ≈ 10 μs). Probability density is significant only around local minima. (B) Dihedral
distributions obtained from simulations of cardiotoxin V with both the original and the modified barriers for different protonation states of the
titratable residues. Local minima are preserved, and no additional configurations are observed.
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In Figure 1A, we show the distributions of the λ-coordinate
in five constant pH MD replicas of the ADA system with the
original CHARMM36m force field parameters. Distributions of
the λ-coordinates in the other systems (AEA, AKA AHA, and
AAA1 and AAA2) are shown in the Supporting Information
(SI, Figures S1−S5). The dissimilarity between the
λ-distributions in the replicas (maximum KSS between replicas
of 0.29, 0.11, 0.04, and 0.095 for ADA, AEA, AHA, and AAA1,
respectively) indicates a lack of convergence. In addition, the
distributions of the dihedral angles, shown in Figure 1B−D, are
also not identical for all replicas. Because there is no barrier
from the biasing potential for the λ-coordinate, we conclude
that the lack of convergence in λ is due to insufficient sampling
of the dihedral degrees of freedom.
Force Field Modifications. To overcome the lack of

sampling, one can increase the simulation time or enhance
sampling by means of special algorithms such as replica
exchange MD.61,62 Replica exchange has been applied
frequently in the context of constant pH MD with exchanges
between replicas at different temperature (T-REMD), pH
(pH-REMD), or both.20,63−66 However, because the proto-
nation state has little effect on the torsion barrier height
(Figure 3), changing the pH across the pH ladder would do
little to enhance the sampling of the dihedral degrees of
freedom. Furthermore, REMD methods are computationally
more demanding than performing a single MD simulation and
also prevent access to the dynamical properties of the system
due to the jumps between replicas. As for some applications
the dynamical properties may be highly needed, we consider it
important that all relevant protonation states can be sampled
correctly in a single constant pH MD trajectory. Because the

sampling of λ-coordinates is tightly coupled to the sampling of
the dihedral angles, convergence within a single trajectory can
in principle also be reached by lowering the barriers of the
torsion potentials.
Previously, modifications to the force field have been

introduced for carboxyl groups. To improve the sampling of
the syn and anti conformations of the carboxyl proton in Glu,
Asp, and the C-terminus, Brooks and co-workers reduced the
barrier for this rotation by a factor of 8 and also scaled the
carboxyl oxygen radii by 0.95.9 In contrast, Grubmüller and co-
workers modified this torsion potential to prevent sampling the
anti-conformation altogether.67 However, according to our
analysis (Figure 1), there is a lack of convergence not only in
the carboxyl dihedral angle but also in the other side chain
dihedral angles.
Reducing the torsional barriers without affecting the overall

sampling of the conformational space is possible only if the
regions near such barriers are sparsely sampled. We, therefore,
analyzed the distributions of the dihedral angles in
the side chains of titratable amino acids in the publicly
available trajectories of G-protein-coupled receptors and of
SARS-CoV-2 proteins.56,57 The distributions of these dihedral
angles, plotted in Figure 2A, reflect the shape of the underlying
torsion potentials with maxima coinciding with local minima of
the potential profiles. The low density near barriers suggests
that these barriers are rather high and might be reduced
without affecting the dihedral distributions.
To achieve convergence of both dihedral angles and

λ-coordinates on a 100 ns time scale, we thus altered the
maxima of the torsion potentials by adding a small dihedral

Figure 3. Modification of the torsional barriers in the Asp side chain. (A) Aspartic acid and its atomic nomenclature. (B and C) Corrections added
to dihedral torsions of the original force field. Corrections with two (B) and three (C) local minima were used for torsions with two and three local
minima, respectively. Heights of the corrections were selected through the iterative process, aimed at achieving consistent λ-distributions without
introducing additional local minima in the free energy profiles. (D−F) Original and modified torsional barriers of Asp for both protonated (H+)
and deprotonated (H−) states.
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angle (ϕ)-dependent correction to the CHARMM36m force
field
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where ni is the multiplicity of the torsion angle i (i.e., the
number of minima) with ni = 2 for conjugated bonds and ni = 3
for aliphatic bonds. The parameter ϵi is an empirical coefficient
that is optimized such that the barriers are low enough to
converge the distribution of ϕi without introducing additional
minima on the potential energy surface.
For each side chain dihedral angle of the titratable amino

acids, the coefficient ϵi was optimized in an iterative fashion:
After an initial guess, we computed the free energy profiles
associated with rotation of the dihedral as well as five unbiased
100 ns trajectories at pH = pKa with different starting
conditions and a biasing potential (Vbias(λ), eq 5 in Aho et
al.15) without barrier. Prior to these constant pH MD
simulations, we recomputed the correction potential,
VMM(λ), by fitting a third-order polynomial to the ⟨∂V/∂λ⟩λ
values obtained from thermodynamic integration simulations
performed with the current value of ϵi. Free energy profiles
were inspected visually for artificial minima, while distributions
of both dihedral angles and λ-coordinates were compared
between the five unbiased replica runs based on their similarity.
The coefficient ϵi was gradually increased until the
distributions in the different replicas were sufficiently similar
(KSS < 0.03), while at the same time no additional minima
appeared in the free energy profiles.
In Figure 3 we show the optimized torsion potentials as well

as their effect on the free energy profiles of the dihedral angles
in Asp. The corrections and free energy profiles of Glu, His,
and the C-terminus are shown in Figures S6−S8 of the SI.
With the exception of the Cβ−Cγ−Oδ−H dihedral, the
corrections introduce no additional minima on the free energy
profile of these torsions. Furthermore, as shown on the right
panels of Figure 1, the distributions of the dihedrals and
λ-coordinates are nearly indistinguishable for all replicas after
correction. Because with the corrected potentials the
Kolmogorov−Smirnov statistics for Asp, Glu, His, and the
C-terminus are 0.028, 0.015, 0.027, and 0.022, we conclude
that the corrections improve the convergence of both the
λ-coordinates and the dihedral degrees of freedom in constant
pH simulations. Note that although the distributions of the
λ-coordinate are sufficiently similar, the sampling of these
coordinates is not yet uniform (Figure 1E). We will show
below that this discrepancy is due to the low order of the
polynomial fit used for obtaining the correction potential
VMM(λ).
With the exception of the O

1
−Cγ−O 2

−H dihedral, the
corrections we propose here lead to changes in the torsion
barrier of at most 16 kJ mol−1 (i.e., for the Glu N−Cα−Cβ−Cγ
torsion). For many biomolecular force fields, the parameters of
the torsion potentials are obtained by fitting suitable periodic
functions to energies evaluated at the MP2 level of theory.68−71

The parameters for each type of torsional potential are
simultaneously fitted for multiple amino acids. Therefore, the
average root mean squared (RMS) difference between the
torsional energy at the CHARMM36m level and that at the
MP2 level of theory is on the order of 10 kJ mol−1. The RMS
deviation between the modified and the original torsion
potentials is at most 8 kJ mol−1, and the RMS deviation

between the ab initio potential at the MP2/6-31+G* level and
the N−Cα−Cβ−Cγ torsion potential in ASP is reduced from 4
kJ mol−1 for the original CHARMM36m force field to
3.5 kJ mol−1 for the modified CHARMM36m force field
(Figure S9). Therefore, we conclude that with the corrections
of the torsion potentials, the modified force field provides an
equally good fit to QM potential profiles as the original
CHARMM36m force field.33,71
We also performed standard MD simulations and simulated

five replicas for 100 ns for the two protonation states of the
Asp tripeptide in water using both the original and the
modified CHARMM36m force field parameters. Without the
modifications, the local minima are not consistently sampled in
all replicas (Figure S10). In contrast, with the corrections,
identical distributions of the dihedral angles are obtained also
in standard MD simulations. In addition, the modifications are
essential to sample both syn and anti conformations of the
carboxyl proton, in line experiment.72 We note, however, that
the correction required for sampling both of these con-
formations significantly alters the shape of the barrier (Figure
3F). Nevertheless, because of their low mass, proton can
tunnel through such barriers, and therefore, we consider the
shape and height of the torsional barrier less relevant for this
specific dihedral than for the other dihedrals.
Finally, we demonstrate that the modifications do not alter

the distributions of the dihedral angles in protein simulations.
We performed MD simulations of the 1CVO1 system both
with and without the modifications to the torsion potentials of
titratable amino acids with either (i) all of these residues
protonated, (ii) all deprotonated, or (iii) all Asp residues
deprotonated and all other residues protonated. In Figure 2B,
we plot the distributions of the dihedral angles for which
corrections were introduced. The high similarity between the
distributions suggests that the corrections do not lead to the
sampling of different dihedral distributions, even if the relative
weights of the minima are slightly altered, in particular, for the
H−O−C−O dihedral. We conclude, therefore, that the
corrections introduced to facilitate sampling of the dihedral
and λ-coordinates do not significantly alter the protein
conformational landscape and can hence be used to perform
both normal and constant pH MD simulations.

Quality of the Correction Potential VMM. Reference
Potential. To verify that the modified torsion potentials
overcome the convergence problems, we performed constant
pH simulations at pH = pKa and without a barrier in the
biasing potential. Because with such a setup the potential
energy profile for the λ-particle should be flat, we expected a
uniform λ-distribution, provided that the dihedral degrees of
freedom are sufficiently sampled. However, as shown in Figure
1E, the distributions are identical between replicas but not
uniform despite the corrections to the torsion potentials.
Because both the pH-dependent potential VpH(λ) and the

biasing potential are flat by construction at pH = pKa, the
deviations must originate from discrepancies between the
correction potential VMM(λ) and the underlying free energy
profile associated with deprotonation. The correction potential
is obtained as a polynomial fit to the ⟨∂V/∂λ⟩λ values from
thermodynamic integration simulations. Because linear re-
sponse (LR) theory predicts a linear dependence between the
hydration free energy and the magnitude of a (point) charge, a
first-order fit has often been used to obtain the correction
potential for constant pH MD.9,12 However, even if the change
in the charge dominates the free energy of changing the
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protonation state, hydrogen-bond rearrangements can contrib-
ute as well. Because the effects due to such structural
rearrangements are neglected in LR theories, we hypothesized
that higher order fits may be necessary for obtaining
sufficiently accurate correction potentials.
To test our hypothesis, we investigated the accuracy of the

polynomial fit to the correction potential. In Figure 4A, we

show the mean error of the correction potential with respect to
the computed free energy difference associated with deproto-
nation as a function of the fitting order. For the LR
approximation the fitting errors are higher than 10 kJ/mol.
In the worst-case scenario, such errors could lead to deviations
in predicted pKa values of more than one pKa unit. With an
error of 4 kJ mol−1, the third-order fit, used above to address
the convergence issues, does not yield a sufficiently accurate
representation of the underlying free energy profile. Increasing
the order of the polynomial fit reduces this error, and as shown
in Figure 4B, at least a seventh-order fit is required to provide a
uniform distribution of the λ coordinate for the Asp tripeptide
in constant pH MD simulations at pH = pKa.
Also, for carboxyl groups in the side chains of Glu and in the

C-terminus, a polynomial fit to ⟨∂V/∂λ⟩λ of at least seventh-
order is needed to provide a sufficiently accurate correction
potential (Figure 4 and Figures S11 and S14 in SI). For the
imidazole ring of His with three coupled titratable sites, a
seventh-order fit suffices as well (Figure S13), while for the
amino bases in the side chain of Lys and the N-terminus, at
least an eighth-order fit is required (Figures S12 and S15 in
SI). We speculate that the higher order fit is needed for the

latter sites due to the larger change in the charge on the central
nitrogen atom from −0.3 e to −0.96 e upon deprotonation.
The change in the charge of the carboxylic oxygen from 0.55 e
to −0.76 e is smaller as are the changes on the nitrogen atoms
of the imidazole ring of His (from −0.36 e to −0.7 e).

Parameterization of Buffer Particles. A change in the
protonation state affects the total charge of the simulated
system, which can lead to artifacts when Ewald summation is
used to treat the electrostatic interactions.27,31 In our
implementation of constant pH MD, we avoid this problem
by introducing titratable buffers into the simulation box that
compensate for the charge fluctuations of the titratable
residues.29
In the original implementation of constant pH MD in

GROMACS,10 the buffers were hydronium molecules that
compensated for the overall charge fluctuations by changing
their charge between 0 and +1 e. To prevent sampling charges
beyond this interval, a biasing potential with steep edges at
λ = 0 and 1 was introduced to restrict the range of λ-values.
However, this potential still introduces additional forces at the
edges of the λ-interval. To avoid the effects of such forces, we
use a completely flat biasing potential for the buffers, also
outside of the charge interval.
Because changing the charge of a buffer particle in solution

induces local rearrangements of the hydrogen-bonding net-
work that in turn could affect the proton affinity of a nearby
titratable group, we want to minimize the impact of charging
the buffer particles. To determine the charge range in which
the buffers do not cause significant hydrogen-bond network
rearrangement, we ran AWH simulations with two ions, the
charges of which are changed simultaneously in opposite
directions (BUF2 system). From the friction metric available in
the AWH method,50 we estimated the local diffusion
coefficient, which is related to the efficiency of sampling:
The higher the friction, the slower the dynamics and the more
sampling is required to reach convergence. We calculated the
friction coefficient (Figure 5A) for the coordinate associated
with changing the charge on the buffer. For charges higher
than 0.5 e, the friction was more than 50% higher than that for
zero charges, reflecting longer correlation times and hence
slower dynamics. We, therefore, conclude that the optimal
range for the buffer charge is between −0.5 e and 0.5 e.
The collective λ-coordinate of the buffer particles is not

restricted to a fixed interval by a wall-like potential. To avoid
the buffer charge exceeding the optimal range, multiple buffer
particles are needed in the simulation box. The optimal
number of buffers can be calculated based on the analysis of
charge fluctuations performed by Donnini et al.29
With a small charge, a buffer particle is apolar. To prevent

clustering of such apolar particles in water, permeation into
hydrophobic areas, such as membrane interiors, or interactions
with the protein, the Lennard−Jones parameters (σ and ϵ) of
the buffers were chosen such that the buffers have only
repulsive interactions with all other atoms, except water. After
experimenting with the parameters for the buffer particles, we
settled on a σ of 0.25 nm and an ϵ of 4 kJ mol−1. This choice
leads to decreased clustering of buffers, low buffer concen-
trations in the proximity of titratable sites, and reduced
penetration into hydrophobic regions (Figure 5). The resulting
free energies of neutral buffer insertion into water and the
hydrophobic region of the membrane are −2.09 ± 0.07 and
1.2 ± 0.6 kJ mol−1 compared to 8.45 ± 0.05 and 7.8 ± 0.3

Figure 4. Quality of the VMM(λ) correction potential as a function of
the order of the polynomial fit to ⟨∂V/∂λ⟩λ for Asp. (A) Fitting error
as a function of fitting order (black line). Gray dashed line shows the
average error in the calculated ⟨∂VMM/∂λ⟩. (B) Distributions of
λ-coordinates for the third- and seventh-order polynomial fits to
⟨∂V/∂λ⟩λ. Whereas with the lower order fit the distribution is
significantly rugged, the distribution becomes nearly flat and uniform
on the [0, 1] interval of the λ-coordinate if a seventh-order fit is used.
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kJ mol−1 for insertion of an uncharged sodium ion into these
regions.
While the primary goal of introducing buffers is to avoid the

artifacts associated with a non-neutral periodic simulation
box,27 there can be other artifacts as well.30,31 In particular, the
undersolvation caused by solvent orientational restraints due to
periodic boundary conditions30 could lead to finite-size effects
especially for small boxes. To understand if such finite-size
effects affect the results of constant pH simulations, we
investigated how the distribution of the λ-coordinates depends
on the system size. We, therefore, performed constant pH MD
simulations for three different box sizes and at various ionic
strengths. All simulations were performed at pH = pKa and
without a barrier in the biasing potential. The uniformity of the
distributions in these simulations, shown in Figure 6, suggests
that for the box sizes tested, the finite-size effects are negligible.
Use Case: Consistent Protein Titrations. To demon-

strate that with the modifications of the torsional barriers, a
correction potential obtained by fitting at least a seventh-order
polynomial to the ⟨∂V/∂λ⟩λ values of reference simulations,
and buffer particles with optimized parameters, it is possible to
perform accurate constant pH MD simulations, we calculated
the pKa values of all four cardiotoxin V titratable residues. We
performed the pH titration simulations with both the original
and the modified CHARMM36m force fields. In Figure 7, we
show the titration curves obtained in the simulations and
compare them to the experiment. Because there is no exact
experimental estimate for the pKa of ASP59, we only compare
the pKa values obtained for the other residues. The comparison
suggests that the force field corrections improve the pKa
estimates, but more importantly, the lower deviation between

the individual replicas (from 0.12 to 0.07 for ASP42, from 0.16
to 0.05 for ASP59, from 0.1 to 0.03 for GLU17, and from 0.19
to 0.18 for HIS4, Figure 7) suggests that the sampling
improves when the modified force field is used.

Figure 5. Parameterization of the buffer. (A) AWH friction metric as a function of buffer charge. Since the higher the friction metric is the slower
the sampling, the buffers should ideally have low charges. (B) Density distribution of buffers in a membrane system. Optimized buffers do not
penetrate into the lipid bilayer, while uncharged sodium ions do. (C) Radial distribution function between buffers. When standard sodium-ion
parameters are used as buffers, the tendency to form clusters is high. Optimization of buffer parameters prevents clustering. (D) Radial distribution
functions of buffers with respect to the protein. With the original sodium parameters the buffers have a higher tendency to bind to the protein than
with the optimized parameters.

Figure 6. Effect of the box size (A) and ionic strength (B) on the
distribution of the λ-coordinate of the ADA systems (ADA, ADA3,
ADA7, ADAlow salt, ADAhigh salt).

Journal of Chemical Theory and Computation pubs.acs.org/JCTC Article

https://doi.org/10.1021/acs.jctc.2c00517
J. Chem. Theory Comput. XXXX, XXX, XXX−XXX

I



Whereas for Asp and Glu the individual titration replicas are
consistent when the modified force field is used, the replicas
for HIS4 are not converged. As shown in Figure 8A, HIS4
interacts with TYR12 and PHE10. At pH = 5.5, close to the
experimental pKa of HIS4, we find three dominant
conformations of HIS4-TYR12 pair in both normal and
constant pH MD trajectories: A close contact (around 5 Å), a
medium-range contact (around 6 Å), and a long-range contact
(larger than 7 Å, Figure 8B and 8D). The distributions of these
distances are not the same in all replicas (Figure 8E), and
neither are the distributions of the λ-coordinates associated
with the doubly protonated state of HIS4 (Figure 8F). These
differences suggest a lack of convergence of the conformational
dynamics of the protein in constant pH MD. To test if the
protonation state of HIS4 correlates with the distance, we
performed standard MD of cardiotoxin V with HIS4 in the
three different protonation states (Figure. S16). Because there
is no clear correlation between the protonation state and the
HIS4-TYR12 distance, we cannot conclude that the proto-
nation states are coupled to the conformation of the pair, at
least not directly. Instead, the differences between the replicas
suggest a lack of sampling of these conformations. Because the
local environment differs between the states, we speculate that
this lack of conformational sampling also affects the
λ-distributions. We therefore can only conclude that the
sampling of these distances would require more than 100 ns to
converge. Thus, even if the corrections to the torsion potentials
overcome the convergence issues associated with sampling the
intrinsic dihedral degrees of freedom in single amino acids,
reaching converged sampling of the protonation states in
proteins may still require longer time scales if the inherent
conformational dynamics is too slow.
Nevertheless, we observe that compared to normal MD,

constant pH MD can increase the sampling of the local

conformational space of the protein. In Figures 8C and S17 we
show that the HIS4 samples configurations more efficiently in
constant pH simulations. Specifically, the hydrogen bond
between PHE10 and the HIS4 δ-hydrogen is much more stable
in normal MD with a fixed protonation of δ-nitrogen (Figure
S17), whereas in constant pH MD, the HIS4 also samples
configurations in which the H-bond is broken (Figure S17), in
particular around pH = pKa, as evidenced by the distribution of
the N−Cα−Cβ−Cγ dihedral angle in Figure 8C. Thus, by
keeping the protonation states flexible, constant pH MD
facilitates the sampling of local conformations, which in turn
may lead to faster convergence of the global conformational
sampling.

■ CONCLUSIONS

It is now possible to run accurate constant pH molecular
dynamics simulations on time scales of normal simulations, for
example, with the new implementation in the GROMACS
package presented in the accompanying paper.15 Here, we have
addressed the accuracy of constant pH simulation at longer
time scales. We could demonstrate, on the basis of the
CHARMM36m force field, that molecular force fields are not
optimal for constant pH simulations because torsion barriers of
titratable side chains are too high to reach convergence of the
λ-coordinates associated with protonation. To overcome this
sampling bottleneck, we proposed a systematic procedure to
selectively reduce the barriers of the torsion potentials. In
standard MD simulations, these modifications do not
introduce noticeable artifacts but facilitate the convergence
of side chain conformational sampling. Combined with the
optimal fitting of VMM, these force field modifications
constitute an essential preparation step for constant pH
simulations.

Figure 7. Titration of cardiotoxin V. (A and B) Titration curves of the titratable residues in 1CVO1 obtained from constant pH simulations
performed with the original and modified CHARMM36 force fields, respectively. Black dots show the deprotonation ratio for the individual replica.
Gray lines show the fits to the Henderson−Hasselbalch equation. Red lines are Henderson−Hasselbalch curves computed for the experimental pKa
value of the corresponding residue.73,74 For ASP59, the exact pKa is not known. For each curve, the standard deviation between the calculated and
the fitted deprotonation ratio, averaged over all pH values and replicas, is shown.
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The modifications of the CHARMM36m force field and the
optimized parameters for the ∂VMM/∂λ of correction potentials
for Asp, Glu, His, Lys, and the C- and N-termini are available
at https://gitlab.com/gromacs-constantph. Parameters for
other force fields and residues will be made available there as
well, once these are validated. We kindly ask the community to
share with us also any parameters they may derive in their
research, so that also these parameters can be made available.
The fork of GROMACS 2021 with constant pH MD

implemented, as described here, is available for download free
of charge from https://gitlab.com/gromacs-constantph/
constantph. In addition to the source code, instructions on
how to set up and perform MD simulations are available.
In addition to accurate parameters, it is also essential to keep

the simulation system neutral during constant pH MD
simulations. To achieve this, we introduced buffer particles
with variable charges that dynamically compensate for the
charge fluctuations of the titratable residues. To avoid that
these buffers cluster, bind to the solute, disrupt hydrogen-bond
networks, or penetrate into hydrophobic regions, we proposed
a systematic parametrization procedure that can be used for
any combination of force field and water model.
We expect the parametrization protocols proposed in this

work to facilitate the application of constant pH MD not only

within the user community of GROMACS but also of other
MD programs as well. We also want to appeal to force field
developers to take constant pH MD into consideration when
developing their force fields.
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