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Abstract

The main concepts and important technical details of electrostatic embedding quan-

tum mechanics/molecular mechanics (QM/MM) simulations are explained and illus-

trated with the intent of assisting newcomers in performing and gauging the

accuracy of such simulations, focused on smaller molecules in solution. Beginners are

advised on how to increase the reliability and accuracy of the simulations through

benchmarking. Central considerations on methodologies for QM/MM Molecular

Dynamics (MD) simulations are presented, alongside technical fundamentals regard-

ing the construction and manipulation of simulation systems using the python-based

Atomic Simulation Environment (ASE). A worked example of QM/MM Born–

Oppenheimer MD is included, and a flowchart summarizing the most salient deci-

sions and tasks within the methodology is presented.
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1 | INTRODUCTION

Molecular mechanics (MM) and molecular dynamics (MD) are multifaceted tools, and their combination is well established as one of the mainstays

within atomistic simulation.[1–3] In order to describe interatomic interactions, MM MD has to first determine its classical potentials, that is, define

suitable “force field” models and optimize their parameters. This reduces the generality and sometimes accuracy of the methodology, as systems

and processes that can be handled are required to stay within the limits of what the force field has been designed and optimized for. Especially, if

the electronic structure changes significantly in the course of the simulated process, such as during bond making/breaking, the traditional MM

model is too limited, as these MM models cannot describe such processes. On the other hand, relying upon models that explicitly operate on the

electronic structure greatly limits the size and timescale of the systems and processes that one can feasibly simulate. The “quantum mechanics/

molecular mechanics” (QM/MM) methodology seeks to solve this problem by combining the use of the two levels of theory behind these some-

what generic labels for different parts of the simulated system. The quantum model is focused on the region of the system where the central

chemical/physical processes of interest take place, while the MM model describes the remainder of the system.

After the groundbreaking work of Levitt, Warshel,[4] and Karplus,[5] the basic idea of combining electronic structure calculations with classical

potential functions has undergone a myriad of developments and advancements.[5–24] This vast landscape of QM/MM models has already been

explored extensively within medicine, enzymology and other areas of biology,[17,19,25–31] enzyme-based catalysis, materials science and

nanotechnology,[24,32,33] photophysics and photochemistry,[34–37] and solvation dynamics.[38–43]

As reviewed in detail elsewhere,[16,17,19,21,22,26,36,37,44,45] QM/MM methodologies can be classified based on their fundamental approxima-

tions on how the two subsystems are coupled (Box 1).
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This tutorial review focuses on electrostatic embedding, currently the most used of the QM/MM models, often directly available to nonex-

perts. However, much work is being put into advancing the field towards polarizable coupling models,[46–59] and readers are invited to inform

themselves further about the differences between the approximations through the aforementioned reviews. In electrostatic embedding, the two

subsystems are coupled through an addition to the QM Hamiltonian, such that the effects of the environment is included explicitly and on an

atomistic level, while the environment itself is less accurately modeled. As we shall see, however, some amount of force-field-based methodology

is still present within this coupling model, and may require extra attention, especially if the actual solvent structure and solvation processes are

the main focus of one's work.

With the environment treated atomistically, vibrational sampling becomes mandatory for many studies. However, we are also thus provided

access to thermally averaged quantities, which again increases the possibilities of what can be studied and compared with experiment.

As researchers strive to extract as much knowledge as possible from simulation, it is important to test the foundations on which the knowl-

edge is created. For QM/MM simulations, apart from testing the individual levels of theory, the accuracy of the coupling model must also be

scrutinized—and optimized if it contains free parameters that make this possible. Because of the myriad of methodologies, there is no single

accepted best-practices list of tests to follow. This tutorial review aims to help newcomers to QM/MM simulation to delve into the details of how

to increase the trustworthiness of their simulations and build a foundation for designing new benchmarks that suit specific needs, before provid-

ing a tutorial on how to explicitly perform QM/MM Born–Oppenheimer molecular dynamics (BOMD) simulations of a small molecule in solution.

The solvent will be modeled with force fields, and the solute with density functional theory (DFT). The tutorial will be based on the ORCA

code[60,61] and the python-based Atomic Simulation Environment (ASE).[62,63] We will not address the extra steps needed for QM/MM couplings

to robustly function over covalent bonds using the so-called cap-models, but instead refer to some of the previously mentioned sources for more

information.[16,17,19,37,45,64] In an attempt to strike the right balance between generality and direct applicability, we have opted to include code-

snippets for ASE. ASE includes functionality for facilitating the necessary communication between QM and MM codes for QM/MM simulations,

as well as providing an efficient and convenient framework for rapid prototyping, development, and application. More and more software are

beginning to include their own QM/MM implementations, for which the concepts discussed in this work are still very applicable, whether per-

formed through ASE or not.

2 | BACKGROUND: ELECTROSTATIC EMBEDDING QM/MM

As previously mentioned, we shall concern ourselves with electrostatic embedding QM/MM, using DFT as the QM methodology, although much

of the content of this tutorial is also directly applicable to work using tight-binding DFT for larger QM subsystems.[65]

In electrostatic embedding QM/MM methodologies, the total energy of the entire system is the sum of the two subsystems (QM, MM), plus

an explicit interaction term (QMMM):

ETOT = EQM + EMM + EQMMM ð1Þ

For explicit embedding models where the MM region is described using point-charge-based force fields, we can formulate a general expres-

sion for the QM/MM interaction term, with qm denoting the point charges, Rm their spatial coordinates, and n(r) the electronic density of the QM

subsystem (in atomic hartree units):

EQMMM = −
XNMM

m

qm

ð
n rð Þ

j r−Rm jdr +
XNMM

m

XNQM

n

qmZn

jRn−Rm j + ENES, ð2Þ

with Zn being the atomic number of atom n, running over all atoms in the QM subsystem, m running over all NMM charges of the MM subsystem,

and ENES an additional term that needs to account for the non-electrostatic electronic interactions between the QM subsystem and the MM sites,

Box 1 General classes of QM/MM methodologies

1. Mechanical: Electrostatic coupling at the MM level. MM point charges derived from the QM density.

2. Electrostatic: Electrostatic contribution from MM subsystem included in the QM Hamiltonian.

3. Polarizable: Mutual polarization: MM subsystem is also polarized by QM subsystem.
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which we will get back to. As evident from the expression, this formulation is based on modeling the interaction of the two subsystems as Cou-

lomb interactions of the MM point charges qm directly with the electronic density of the QM subsystem (as well as the charges of the QM nuclei),

thus avoiding the need for parameterization of partial charges for the QM atoms as is required by some mechanical embedding models.[16,19,36]

To evaluate this expression, the MM point charges must be included explicitly in the QM Hamiltonian. This can be achieved through an additional

external potential term,[66] or by using “placeholder atoms” with a single (high-exponent) s-function basis[33] and their partial charges as nuclear

charges, thus again entering into the external potential effectively as point charges. A general form of the additional term in the external potential

Vext(r) can be obtained by taking the functional derivative of Equation (2) with respect to the density:

VMM
ext rð Þ= −

XNMM

m

qm
j r−Rm j : ð3Þ

Thus, the electronic density can be polarized as a result of the electrostatic field generated by the MM point charges. For couplings with grid-

based QM methods,[66,67] this comes with an added computational cost, scaling with the number of grid points on which the potential is evaluated

times the number of MM charge sites. Therefore, it is important that the implementation is optimized for efficiency, for example, either by making

use of codes that are optimized for accuracy even on coarse grids[66,68,69] or by using multigrid methods,[67,70] together with efficient multicore

parallelization. For codes using basis sets based on linear combinations of atomic orbitals (LCAO), such as ORCA, the QM/MM effiency depends

on how efficiently the one-electron QM/MM Hamiltonian is evaluated.[70]

One issue is that this explicit interaction is purely Coulombic, that is, it neglects Pauli repulsion and dispersion interactions.[71] These non-

electrostatic electronic interactions, ENES, are most often included in a somewhat ad hoc manner through a Lennard–Jones (LJ) pair potential

between the atomic (or interaction) centers of each subsystem:

ENES =
XNMM

m

XNQM

n

4εmn
σmn

jRn−Rm j
� �12

−
σmn

jRn−Rm j
� �6

" #
, ð4Þ

where εmn is the well depth, and σmn is the LJ radius where the potential wall crosses ENES = 0. Equation (4) is independent of the electronic den-

sity, which means it vanishes when constructing the external potential, and is thus not included in the QM Hamiltonian. Therefore, the electronic

density is not affected by the dispersive and repulsive interactions between the two subsystems. There are a few reasons why such an assump-

tion is often unavoidable: The point-charge model for the MM subsystem is not general enough to provide the required detail for a more ab initio

model for repulsion and dispersion, as the static point-charge representation of the electronic density in the MM subsystem lacks atomic anisot-

ropy needed to more accurately describe their repulsion interactions,[71] and it neglects polarization by both the QM subsystem and itself. Meth-

odologies relying on polarizable models for the MM subsystem have recently begun to include non-electrostatic QM/MM interactions in their

QM Hamiltonians,[57,72–74] but these models are not yet being employed in a routine fashion. Another route for dealing with these issues is

through fragmentation-based methods, which practically fragments of the total system in each other, where each fragment can be treated with

the same level of theory, but their interactions on another, to increase computational parallelizability and expediency.[54,75–83] Some of the works

specifically attack the problems of fragmenting exchange repulsion,[56] and others combine fragmented embedding with multiscale embedding.[51]

The most used multiscale QM/MM methodology for dynamics simulations is currently still electrostatic embedding with a force field-like LJ term

as in Equation (4) to account for dispersion and repulsion between the two subsystems, without the interactions affecting the electronic density

directly.[37]

2.1 | Short-range considerations

Remembering the additional term in the external potential from the point charges (Equation (3)), we can see that when the distance between the

points on which to evaluate the potential and the MM charge sites is small, positively charged classical atoms can trap the electrons if the basis

set is flexible enough. In fact, since the Pauli repulsion from the electron cloud that would surround the classical atoms is absent, the electronic

density is overpolarized at short ranges by an incorrect, purely attractive total potential. This is called the “electron” or “charge spillout prob-

lem.”[20,37,57,81] The effect is particularly pronounced when using plane waves or real-space grids as basis, in which the electrons are more free to

delocalize than in LCAO basis sets. However, for LCAO basis sets that are sufficiently diffuse, the effect can still be observed. For QM theories,

the Pauli repulsion is incorporated by antisymmetrizing the electronic wave function.[84] For MM potentials, it is most often modeled by the r−12

term in the LJ potential, although more advanced potentials exist.[85,86] For electrostatic embedding which has to couple the two, one option is to

switch out the purely Coulombic potential with one that effectively mimics the effects of Pauli repulsion, alongside other short-range effects not
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captured by the Coulomb model.[71,87] This can be realized through a localized expansion of the MM charges, which changes the potential to

mimic Pauli repulsion at short ranges but reduces to the Coulomb potential for larger distances.[88] Figure 1 shows a schematic representation of

unitless “implementations” of the additional Coloumbic term in the external potential (Equation (3)), with an effective short-range potential that

includes an electrostatic imitation of the missing Pauli repulsion. Other short-range schemes,[89] for example, based on the idea of

pseudopotentials that match at the cutoff radius, have been developed.[66] In most cases, this provides the user with one or more tunable and

functional-dependent parameters, which should be benchmarked (or at least explored) to minimize the artificial inaccuracies introduced by over-

polarization in the coupling. Examples of how to do this can be found in Section 4.

2.2 | QM/MM LJ parameters

Since we are stuck with the LJ potential for getting a complete model for the QM/MM interaction energy, how do we then obtain QM/MM

LJ parameters for this potential? Do we stick to the parameters optimized for the various force fields, or make new ones? Some researchers

note that tuning the parameters could be dangerous,[45] as one is trying to mend a problem in electrostatics by tuning the ad hoc model for

repulsion and dispersion. Of course, it is not possible to avoid the charge-spillout catastrophe by tuning the LJ parameters, which is why

short-range considerations should not be neglected. However, several groups have suggested that the LJ parameters can (and perhaps

should) be modified.[33,72,90–92] It seems reasonable, since for the force field method the complete approximation of the noncovalent elec-

tronic interactions is parameterized into a Coulomb term between point charges and an LJ term. Thus, if we then effectively exchange the

charge description in a region of the system from point charges to a self-consistently optimized charge density by switching from a pure

MM to a QM/MM model, it would make sense that the LJ parameters would need adjustment from their original static point-charge-

corresponding values. Such re-optimized parameter sets can be found in the literature[91,92] as well as in work on more generalized method-

ologies for re-parameterization.[93,94]

How much the LJ term matters varies from system to system. For charged molecules in polar solvents, electrostatics should dominate, and

optimizing the LJ parameters is not always necessary for obtaining good correspondence with experimental results.[38,40–43,95–97] Furthermore,

some studies focus on internal solute dynamics, or structure as affected by the solvent, where the accuracy of the solvent shell structure matters

less.[39,98] For other systems, the solvation shell structure has been observed to be sensitive to the LJ parameterization.[91]

3 | COUPLING A QM AND AN MM CODE USING ASE

Since ASE provides the tools for quick and easy prototyping and development, it is a good choice for handling the communication needed

between QM and MM codes necessary for an electrostatic embedding model to work. Code-snippet 1 shows a template of the simplest point

charge potential class required, and what function is needed in the QM calculator1 in order for it to work with the electrostatic embedding calcula-

tor EIQMMM, provided that the QM code already has the functionality of creating an additional external potential from the values and positions of

point charges from a file. As is probably evident from the previous section, there are many ways of creating the additional external potential,

which relies heavily on the type of code being coupled. Interested readers can find more details, for example, by having a look at the implementa-

tion in GPAW.[99]

F IGURE 1 Schematic of a short-range effective potential used
to mimic Pauli repulsion and thus avoid the charge spillout
catastrophe that can be detrimental to quantum mechanics/
molecular mechanics based on QM models with spatially diffuse
basis sets, such as plane waves or real space grids, where electron
delocalization can be more emphasized[88]
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Snippet 1 Minimal example of how to include a point-charge external potential in ASE code in a QM code.

4 | GAUGING THE COUPLING ACCURACY

To assess the accuracy of coupling schemes, one must test whether they introduce artifacts in the total energy and atomic forces in the full

coupled system, arising from the various approximations introduced to perform the coupling, as discussed above. Recently, it has become com-

mon for developers within the multiscale field to test their coupled models by comparing the energy contribution from the coupling terms (like

the one in Equation (2)) to single-model results using energy-decomposition analysis such as symmetry-adapted pertubation theory,[57,74,82,100]

and readers are encouraged to look into these methods if their systems of interest vary significantly from the systems used in the original bench-

marks of the models. Here, we shall focus on a generally applicable test, meant to complement the traditional tests such as based on basis set con-

vergence, that one has to carry out for the QM subsystem.

In the influential review by Lin and Truhlar,[16] two main types of such artifacts are defined2 (Box 2):

Box 2 Two types of QM/MM artifacts

1. The interaction energy of the coupled system being smaller or larger than what is obtained from either the pure QM or pure MM

description of the same system;

2. Different subdivisions into QM and MM regions giving substantially different results.
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To obtain both single-model “limits” within which the QM/MM results have to fall, the most obvious requirement is that both pure models

need to be applicable to the system on which the benchmarks are performed. In practice, this often means that when testing a QM/MM model

that couples DFT to an MM solvent model, for example, water, the force field is only capable of describing water, and thus, if the benchmarks

should include both single-model limits, will have to be performed on pure water.

Remembering Sections 2.1 and 2.2, the approximations introduced to handle the missing Pauli repulsion and dispersion interactions from the

MM subsystem in the QM Hamiltonian can be amended by tuning the short-range potential (if available) and the LJ parameters such that the

energies and forces produced by the QM/MM model match one (or some average of both) of the pure models. It is important to reiterate that

changing the LJ parameters will not directly affect the electronic density of the QM subsystem, but only the total energies and forces and thus

atomic positions in later steps of geometry optimizations or dynamic simulations. More advanced models, which replace the LJ term with

QM/MM dispersion and repulsion potentials treated at the QM level, are being developed.[72]

In the following, we will take a closer look at how to benchmark and tune the coupling parameters. As evident from the

literature,[51,58,59,66,72,101,102] it is a good starting point to compare interaction energies ΔEint between the different models used for evaluating

them. The interaction energy is defined as

ΔEint = Ecluster−
Xn
i

Ei, ð5Þ

where Ecluster is the total potential energy of the cluster comprised of n monomers, and Ei is the potential energy of monomer i of the cluster.

When designing such benchmarks, there are a number of issues that might be obvious to some, but bears repeating (Box 3):

The most ubiquitous method for correcting for the BSSE is probably the Boys–Bernardi counterpoise (CP) method,[103] which effectively

means using the same basis functions used to calculate the energy on a dimer system comprised of monomer 1 and 2, Ecluster(1, 2), to calculate

the monomer energies E1(1, 2) and E2(1, 2), where the basis functions of monomer 2 have the same centers as in the cluster, but no electrons,

when calculating E1(1, 2), and vice versa.

The simplest QM/MM test we can devise from Equation (5) is to compare interaction energies of a dimer, as exemplified for the interaction

energy curves (IECs) of the water dimer in Figure 2. The plot compares how the hydrogen bonding is represented in the total coupled potential to

its single-model (SM) versions, where “SM” can be either “QM” or “MM.” The coupling has type-1 artifacts (as defined in Box 2) if the IECs fall into

the shaded regions of the plots. The coupling has type-2 artifacts if the QM/MM IECs (of the same basis set) of the left and right plot are differ-

ent. The MM/QM (see the figure text for definitions) combination binds harder than QM/MM for both basis sets, but the difference is largest for

the smallest basis. The MM/QM combination has most localization of electronic density close to the MM point charges because of the lone pairs

on the H-accepting molecule. Therefore, the overpolarization issues discussed in Section 2.1 have most influence on this combination, which is

exactly what we observe. Furthermore, the largest basis that is most susceptible to overpolarization from the MM charges also produces the most

overbound MM/QM result. On the other hand, the smaller basis has larger type-2 artifacts. The artifacts of this “off-the-shelf” coupling are rather

small compared to the total differences between the chosen pure potentials; however, if more accuracy is required, this would be the starting

point for optimizing short-range analytical potentials (if possible) and/or adjusting LJ parameters. Note that this analysis does not necessarily rule

out the possibility of error cancellation between the electrostatics and the LJ energy, which is of less importance if the goal is to obtain, for exam-

ple, molecular and solvation structures, but can become an issue when, for example, simulating quantities directly dependent on the electronic

density.

If the goal is MM solvation, the solvent dimer might be too simple a system to exhaustively probe the interactions governing its liquid struc-

ture. For example, six water molecules are required to fully realize the three-dimensional hydrogen-bonding network of liquid water. Thus, we

generalize the benchmark by doing away with the scan along a reaction coordinate, but instead define the benchmark quantity ΔΔE, as the differ-

ence in coupled interaction energies ΔEintQMMM and single-model (ie, pure-QM or pure-MM) interaction energies ΔEintSM:

ΔΔE =ΔEQMMM
int −ΔESMint : ð6Þ

Box 3 Important technical details within benchmark studies

1. Keep all QM parameters consistent between single-point calculations: grids, cells, basis, convergence, etc.

2. Minimize egg-box effects from coarse numeric grids by moving MM subsystems.

3. Consider basis set superposition errors (BSSEs) in interaction energies when using an LCAO basis.[84]
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Then, we can expand our test systems to all possible n!/(q!(n − q)!) QM/MM combinations of n-molecule clusters, of which q = {1…n − 1}

belong to the QM subsystem. For a water dimer, there are thus two ΔΔE values, one where the hydrogen-donating monomer is QM while the

hydrogen-accepting monomer is MM, and vice versa. To account for the BSSE in these generalized QM/MM benchmarks relying on interaction

energies, let us take an example of calculating ΔΔE for a water tetramer, using the full QM potential as the single-model reference. For the

QM/MM combination of molecules 1 and 2 being in the QM subsystem, and 3 and 4 being in the MM subsystem, combining Equations (6) and (5)

gives

ΔΔE = EQMMM
cluster −EQMMM

1 −EQMMM
2 −EQMMM

3 −EQMMM
4 −EQM

cluster + E
QM
1 + EQM

2 + EQM
3 + EQM

4 : ð7Þ

The monomer energies Ei
QMMM are then evaluated with either the QM or MM potential, depending on which subsystem they are a part

of. For any purely pairwise additive MM potential, the monomer energies will always stay the same for the same internal geometry. For simplicity,

let us assume that the MM water potential is rigid, such that the internal MM energy of a monomer is zero. Thus, the QM/MM monomers 3 and

4, being in the MM subsystem, have zero internal energy.

ΔΔE = EQMMM
cluster −EQMMM

1 −EQMMM
2 −EQM

cluster + E
QM
1 + EQM

2 + EQM
3 + EQM

4 : ð8Þ

Monomer 1 is a part of the QM subsystem. If the CP correction is to be used, EQMMM
1 = EQM

1 1,2ð Þ and therefore not the same as the monomer

energy of the full QM system, E1
QM(1, 2, 3, 4). Thus, with the CP correction, we obtain

ΔΔE = EQMMM
cluster −EQM

1 1,2ð Þ−EQM
2 1,2ð Þ−EQM

cluster +
X4
i=1

EQM
i 1,2,3,4ð Þ: ð9Þ

The general form for any size cluster is then

ΔΔE = EQMMM
cluster −

XNQM

q

EQM
q Qð Þ+

XNMM

m

EMM
m

 !
−EQM

cluster +
XN
n

EQM
n Q+ð Þ, ð10Þ

where NQM is the total number of molecules in the QM subsystem, and, for example, Q+ð Þ means “with the basis set of all the atoms in the

total system Q+.”

F IGURE 2 Potential interaction energy curves for the water dimer, calculated with the BLYP functional,[104,105] TIP4P,[106] and quantum
mechanics/molecular mechanics (QM/MM) combinations of these models. Two basis sets from the Karlsruhe family[107] have been employed.
The left plot shows coupled interaction curves for the combination of defining the hydrogen-donating molecule as the QM subsystem and the
hydrogen-accepting molecule as the MM subsystem (labeled “QM/MM”).The right plot shows results from the reverse combination (labeled
“MM/QM”). The area shaded blue represents the region where QM/MM potentials are overbound with respect to the most bound single-model
result (here TIP4P). The red area represents the area where QM/MM potentials would be underbound with respect to the least bound single-
model result. Thus, both shaded areas represent regions of type-1 artifacts from Box 2. The QM code used was ORCA,[60,61] coupled in ASE,
using ASE's native TIP4P potential. Evidently, it is only the pure-QM curves that require counterpoise corrections
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In previous studies, we have used water clusters up to decamer size, based on structures obtained by Temelso et al,[108] as well as the lowest

energy water hexamers from Bates and Tschumper hexamers.[109] For decamer clusters, the number of possible QM/MM combinations is 1022,

so it is evident that the actual input scripts to perform the calculations should not be written manually. For this task, we can make use of a set of

script-generating tools to automate this process, called SQRTINY.[110] The tools are freely available for anyone seeking inspiration, or wanting to

use it for their own benchmarks of interfacing new QM codes through the ASE QM/MM interface. Currently, SQRTINY contains templates for

handling benchmarking of GPAW,[68,69] ORCA,[60,61] and CRYSTAL,[111] including assigning so-called ghost atoms, that is, centers for basis func-

tions without electrons for CP corrections in LCAO-based codes. Generating all the necessary submit-scripts for the right plot in Figure 3 is done

with the code snippet 2.

Snippet 2 Example of how to generate submit-scripts with SQRTINY.[110]

Many usage examples are provided online, where updates since the publication of this paper can also be found.[110] The package furthermore

includes templating tools for the O–O distance potential interaction energy curve of the water dimer, as well as other geometries pertinent to the

hydrogen bonding of the water dimer, as well as liquid water.[85]

Figure 3 shows the result of a ΔΔE benchmark on water clusters from trimers to decamers, coupling the BLYP functional[104,105] with the TIP4P

water potential,[106] using two different basis sets of the Karlsruhe family.[107] The reader might be more used to correlation-plot benchmarks, which

work well for situations where there is a single “approximate” and “accurate” result for each molecular structure, which can be plotted against each

other in a simple (X,Y) plot.[112] Here, however, we obtain a number of QM/MM energies approximating some combination of the pure QM and pure

MM energy for each structure. Evidently, the amount of ΔΔEs increases as the number of possible combinations increase. Thus, it is convenient to

plot them as violin plots, where the width violins represent an approximated probability density of the distributions. The white boxes inside the vio-

lins show the interquartile range of the distribution. The red patches in Figure 3 correspond to the maximum difference between the pure QM and

pure MM result. This representation helps us to assess the amount of Lin and Truhlar's type-1 artifacts[16] by how much of the distributions fall out-

side of these patches. For this figure, the interaction energy differences ΔΔE were evaluated by subtracting the pure MM interaction energies from

F IGURE 3 Box/violin plot of the distributions of interaction energy differences obtained from BLYP/TIP4P in ORCA, of water clusters
ranging from trimer to decamer. The x-axis groups the results of all quantum mechanics/molecular mechanics combinations containing 1, 2, …n − 1
QM molecules together, where n is the total number of molecules in a cluster. The red/blue patches represent the maximum differences between

the two single-model results, ΔEQM
int −ΔEMM

int , delineating the artifact-free region of interaction energy differences. Left: def2-SVP. Right:
def2-TZVP, showing how overpolarization gives overbound energies. Reducing the basis set reduces the overpolarization, and thus the
overbinding
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the QM/MM energies (the choice between QM and MM for the single-model reference is arbitrary, and simply defines the 0 on the y-axis). This

means that when the QM/MM interaction energy distributions are close to 0, they are closest to the pure MM interaction energy, and when they

are close to the other border of the patches, their values are close to the pure QM interaction energy, which is most different from the pure MM

energy out of all the clusters with that particular number of molecules in them. Therefore, we would expect to observe this systematic increase in

ΔΔEs with increase in the number of QM molecules for “well-behaved” interfaces, as is especially apparent in the left plot in Figure 3.

On the right side, we can see how increasing the basis set size increases the polarization of the QM density, and thus actually increases the

artifacts in the total interaction energies. This benchmark was carried out by simply using the TIP4P LJ parameters for the QM/MM LJ potential.

If one is so inclined, one could continue from here by trying to optimize the QM/MM LJ parameters to decrease the artifacts when using the more

accurate basis set, similar to previous work based on dimmers,[33,91,92] or larger clusters.[33] The fitting procedures are helped along by the fact

that the QM/MM LJ term in Equation (2) does not depend on the density, so one can simply perform the electrostatics once, tabulate that part of

the energy, and use it in every evaluation of the cost function. If the QM/MM LJ potential plays a large role in the overall coupling energy, the

effect will be largest for the QM/MM configurations that have the most possible QM/MM LJ coupling terms (ie, five QM molecules for the dec-

amers). This can manifest itself as a “U-shaped” systematicity in the ΔΔE distributions along the x-axis for each cluster size, with the bottom of

the “U” (or top of a upside-down “U”) centered on the number of QM molecules giving rise to the most QM/MM LJ terms.

4.1 | Structural benchmarks

To asses the amount of type-2 artifacts in the coupling, that is, how different the energies for different QM/MM combinations of the same sys-

tem are, one might be inclined to look at the width of the distributions in the violin plots of Figure 3. The energy benchmarks are performed on

interaction energies, so we can compare them directly between models, even though the total energies they produce might be vastly different.

However, this also means that issues such as the previously discussed BSSE come into play, and the variance of the distributions also depend on

the monomer energies, which do not have anything to do with the coupling as such. If we look at the distributions of QM/MM ΔΔE values for

the hexamers in Figure 3, the middle 50% of the distributions are slightly wider for the 2-, 3- and 4-QM values coupled using def2-TZVP. The pos-

sible combinations from q = 2, 3, 4 make out roughly 81% of the total hexamer dataset. Thus, if there were a 1:1 correspondence of the interac-

tion energy differences and the resulting hexamer structures, we would expect the least amount of variance between structures that were

geometry-optimized using the smaller basis set.

To quantify this variance, we can benchmark the root-mean-square deviation (RMSD) of the oxygen atoms (representing the molecules)

between each of the QM/MM combinations and either the pure-QM or pure-MM structure. The wider the resulting distribution of RMSDs, the

more it matters how we have divided up the QM and MM subsystems, or in other words, the more type-2 artifacts are produced by the model. The

amount of type-1 artifacts in the coupling can be inferred by how far away from RMSD = 0 Å the distributions peak. An example of this type of anal-

ysis can be found in Figure 4. The hexamer RMSD benchmark has been carried out by starting with the eight lowest energy hexamer

geometries,[109] resetting the intramolecular bonds and angles to the rigid TIP4P geometries, fixing them using RATTLE, and then structurally relaxing

each of them using TIP4P exclusively as well as BLYP exclusively. The geometry optimizations are considered converged when the magnitude of the

maximum force on any atom drops below 0.02 eV/Å. Finally, the relaxations were also done for each possible BLYP/TIP4P configuration of 1–5 QM

molecules, 496 in total, using ORCA. Every relaxed structure was then re-centered and rotated to optimize the overlap between the TIP4P and

BLYP/TIP4P structure, using the Kabsch algorithm,[113] before the RMSD values were calculated.[114] The basis-set-dependent simulations were

repeated for def2-SVP and def2-TZVP. The relevant input scripts and following analysis can be generated using SQRTINY. The bottom-right plot

shows the RMSDs of the molecules in the MM subsystems with respect to the pure-MM structures. In this plot, the differences in the structure are

thus only due to the QM/MM coupling. Both distributions are quite narrow, but with the larger basis set giving the smallest amount of type-2

QM/MM artifacts, as represented by the smaller width of the distribution, even though the interaction energy distributions were larger for this basis

set. This trend continues in the top-left plot of RMSDs from the QM subsystems w.r.t. the QM atoms, where we probe how much the structure in

the QM subsystem is affected by being coupled to MM molecules instead of being fully QM. One cause for this is that there is no straightforward

way of correcting for the BSSE when carrying out geometry optimizations, so the effective basis set size of the individual atoms changes when they

move around.[115] This effect is largest for the smallest basis set. The two opposite plots (top-right and bottom-left) mixes both coupling artifacts and

differences from the different single-model potentials. In the top-right plot, which compares structural differences in the MM subsystems from the

pure-QM structures, the distribution for the def2-TZVP RMSDs peaks around 0.1 Å. This has to be attributed to type-1 coupling artifacts and, due

to the reversed reference structures, especially due to inherent differences between the two single-model potentials.

Another often-seen test of the QM/MM model for solute–solvent interactions is to run QM/MM molecular dynamics (Section 5.3), and then

sample the pertinent radial distribution functions (RDFs) from (atoms in) the QM solute to the solvent.[59,66,116–118] These indicators of the sol-

vated structure around the solute can then be compared to pure-MM (and pure-QM when available) sampled RDFs. However, owing to the aver-

aged nature of the final result, it can be difficult to further quantify the differences, or pinpoint their causes. Pure-QM BOMD simulations of large

enough solvent systems can still be prohibitively expensive, or else there would be no need for the QM/MMmethodology in the first place.
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5 | TECHNICAL ASPECTS OF SETTING UP A QM/MM BOMD SIMULATION

In the following, we will delve deeper into the details on how to use ASE to set up and run QM/MM BOMD simulations. For many of the tasks,

other more optimized, specialized, and faster tools already exist online, but for prospective users looking to make sure they understand each step

in detail, it might prove informative to start from the fundamentals.

5.1 | The QM region

For researchers and students coming from the molecular mechanics world and perhaps are not so familiar with (varying degrees of) ab initio

methods, it is highly recommended that they study and perform tests to ensure that the chosen level of theory can provide an adequate level of

accuracy, before moving on to the QM/MM simulations. Since this tutorial review is not supposed to replace quantum chemistry textbooks, suf-

fice to say that it is important to ascertain convergence of relevant properties with respect to LCAO basis set size, grid spacings, or plane wave

cutoff,[84,119,120] keeping in mind the effects of basis set size on the QM/MM coupling, as illustrated in the previous section. For DFT, researching

and testing the performance of various functionals is practically mandatory.[121–123]

5.1.1 | Size of the QM region

In QM/MM applications focused on large biomolecules such as proteines and enzymes, the QM and MM regions are connected through one or

more covalent bonds. This specific interaction between the two regions can be addressed with different strategies (“cap models”) based on theo-

retical or empirical grounds, and has been reviewed extensively elsewhere.[16,19,37,45,64] On the other hand, expanding the QM region to include

solvent molecules can in principle be done without any extra additions to the coupling model.[22] However, for QM/MM dynamics simulations,

one must carefully observe that the QM solvent molecules do not diffuse away from the solute during sampling. Simply imposing (eg, Hookean)

restraints on the QM solvent molecules could have detrimental effects on the resulting solvation structure,[124] but restraints specifically designed

to avoid these issues are being designed.[125,126] Another option is to equilibrate and generate snapshots by carrying out MD using either a pure

MM potential or a QM/MM potential with no QM solvent molecules first. This has the effect that the structures used in the final sampling have

F IGURE 4 Geometry optimizations of all 496 possible quantum mechanics/molecular mechanics (QM/MM) combinations of eight of the
most energetically favorable hexamer conformations shown to the right of the plots.[109] The histograms show the total root-mean square (RMS)
differences between all oxygen positions of each of the QM/MM relaxed structures and their single-model-relaxed references. Top row: Pure-
QM references. Bottom row: Pure-MM references. Left column: RMSDs of the molecules belonging to the QM subsystem. Right column: RMSDs
of the molecules belonging to the MM subsystem. The insets shows which of the molecules are sampled for the distributions for one of the
3QM/3MM combinations of the cyclic-chair hexamer geometry
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been generated from a different total potential than the one used for calculating the desired property, which can result in qualitatively different

results, such as the stability of binding sites.[127] However, for biological macromolecules that require long (>1 ns) sampling times, no other option

is available, owing to the prohibitive computational cost of QM/MM BOMD simulations.

Finally, a lot of effort is being put into developing “adaptive” or “flexible” QM/MM models, where solvent molecules are allowed to switch

potential when diffusing from one region of the simulation to another.[21,22,124]

In spite of the added complexity, including QM solvent molecules can sometimes be necessary to achieve the required accuracy, especially if

the desired property is highly dependent on features left out of the electrostatic embedding approximation.[22,125,128,129] One example is the lack

of polarization of the MM surroundings for static point-charge-based MM models, which is regained if (enough) solvent molecules are included in

the QM region. Isborn et al simulated the absorption spectra of a solvated chromophore and concluded that at least 40 surrounding water mole-

cules must be included in the QM region in order to obtain converged excitation energies.[128] However, as previously mentioned, such results

also depend on how the geometry of the structures used in the sampled snapshots is obtained. Major et al studied proton transfer in DNA and

showed that QM/MM single-point calculations on structures obtained via structural relaxations using an MM potential lead to greater size depen-

dence of the QM region, compared to QM/MM-optimized structures.[129]

5.2 | The MM region: Solvent and solvation

It is important to consider how large a total system is needed to properly simulate the desired process. For MM-periodic boundaries, the total charge

of the system should be neutral, and all electrostatics should be cut off at a distance not longer than half the length of the shortest side of the total

cell, as stated by the minimum image convention (MIC).[3] Usually, the computational bottleneck for Kohn–Sham DFT-based QM/MM simulations is

in the evaluation of the Kohn–Sham equations, so one can be tempted to make an immensely large solvation cell with tens of thousands of solvent

molecules. However, some caution here is suggested. For grid-based QM codes, for example, using a nonlocal plane-wave basis, the evaluation of

the external MM potential of Equation (3) scales with the number of charge sites times the number of grid points on which it is evaluated, and for

LCAO-based codes, the construction of the one-electron Hamiltonian matrix becomes more cumbersome.[67] With some implementations, it is possi-

ble to enforce a long-range cutoff[66] and/or multigrid methods[58,67] to reduce the cost (and fulfill the MIC requirements for periodic systems), but

of course everything becomes more cumbersome as the system size increases: trajectories increase in size, many properties take longer to sample,

etc. Finally, for rigid-molecule solvents, one will need geometry constraints, which can be expensive for general iterative implementations3. Since

ASE is designed for easily setting up and manipulating atoms for simulations through Python, the most straightforward way of making a box of, for

example, water molecules is to make a single molecule, and repeat it until the desired total number of water molecules has been reached, as demon-

strated in snippet 3. This snippet will create a simulation cell containing 1000 water molecules total, which then has to be equilibrated. It might be

more efficient to span fewer molecules first, equilibrate those, and then repeat that cell further. Many MD programs have their own more advanced

solvation tools, such as gmx solvate[131] in Gromacs, in AmberTools.[132] Stand-alone programs are also freely available. One example is

packmol,[133] which can also create “pre-disordered” droplet systems if periodic boundary conditions (PBCs) are not possible/wanted.

Snippet 3 Creating a grid of water in ASE.
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To demonstrate in detail how one could actually perform the step of placing a solute in a solvent box, and deleting overlapping solvent mole-

cules within radius r of the solute, a script with (verbose but) illustrative variable names and methods solvate.py is reproduced in full in

snippet 4.

Snippet 4 Simple solvator script for ASE.

Given the files solute.xyz containing the positions of the solute molecule, water.xyz containing a (equilibrated) water box, the script

would be run from the terminal by typing python solvate.py solute.xyz water.xyz 3 2.5 1, where 3 is the number of atoms per molecule

in water, 2.5 would be the minimum radius r between the solute and solvent, and 1 tells the script to enforce wrapping of the water box before

solvating the solute, since .xyz files do not contain information about PBCs.
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5.3 | QM/MM molecular dynamics

For this part, researchers and students from the MM world might feel more at home, while workers from the ab initio camp might find

new concepts to consider. There is one major difference, however: purely classical MD are being driven by parameterized potentials

(force fields), with parameters based on empirical data or on independent electronic structure calculations, while in the QM region of a

QM/MM simulation we need a method to compute the forces acting on the nuclei from electronic structure calculations that are per-

formed such that an MD trajectory can be generated by propagating the nuclei using these forces. This fundamental idea gives rise to

the names “on-the-fly” or “direct” dynamics. QM/MM dynamics simulations based on the Born–Oppenheimer approximation utilize the

timescale separation between the motions of the nuclear and electronic degrees of freedom to allow the electronic structure to be

solved iteratively to self-consistency at each time step for a fixed nuclear configuration, during an MD trajectory. In other methods, such

as Car-Parrinello MD (CPMD), the electronic degrees of freedom are rather propagated together with the nuclear ones using a fictitious

electron mass to ensure that the electronic subsystem stays close to the exact Born–Oppenheimer surface.[134] Thus, CPMD avoids the

cost that comes with the need of iterating to self-consistency at each time step. Results from the two methods are not necessarily

entirely congruent. Tangney investigated the role of the fictitious mass parameter, using heavy ice as a test system, modeled with DFT

using plane waves. Tangney found that the forces in CPMD differ from the ground-state forces, and for commonly used values of the fic-

titious mass the magnitude of these differences is large compared to the errors that would generally be tolerated in a BOMD simula-

tion.[135] In CPMD schemes, the explicitly treated electron dynamics limits the largest time step that can be used in order to integrate

the total equations of motion for nuclei and electrons simultaneously. This limitation does not exist in BOMD. Thus, the maximum time

step is simply given by the one intrinsic to nuclear motion, which results in the possibility of having roughly on the order of one magni-

tude longer time steps in BOMD.[136] On the other hand, the energetic drift in BOMD simulations based on self-consistent solutions to

the Kohn–Sham equation is sensitive to the tightness of the chosen convergence criteria. Much promising effort is being put into formu-

lating new dynamics schemes to advance the state of ab initio MD, but for applications[137–139] CPMD and BOMD are still the most

widespread. A somewhat pragmatic approach to the question of which dynamics model to use involves considering that BOMD simula-

tions can be performed using any classical MD driver that allows the user to include forces from external sources, that is, the additional

forces on the MM atoms from the QM density and nuclei, while CPMD requires additional functionality be added to both the QM and

MD code of choice.

In many of the classical MD considerations, such as choice of the ensemble and how the thermostat (if needed) maintains it can be trans-

ferred directly to the given task at hand, as long as the considerably increased computational cost of ab initio MD is taken into account. There are

too many considerations to be repeated here, but many excellent resources are readily available.[3,140]

5.4 | QM/MM BOMD: Worked example

To illustrate one concrete application of the QM/MM BOMD methodology, this section will detail how to use ASE with ORCA to build the

transition-metal complex iron(II) hexacyanide, [FeIICN4]
4−, solvate and charge-neutralize the system in water with MM counterions, and equili-

brate the system. The complex is of real scientific interest and has been studied with QM/MM BOMD methods before.[141] Here, however, it is

chosen because its small size allows for reasonably expedient simulations. Furthermore, only the technical fundamentals of setting up the simula-

tions will be covered. It is assumed that the reader has already carried out the initial benchmarks on basis sets sizes/plane wave cutoffs/grid spac-

ings, and functionals. Lastly, we will not include any solvent molecules in the QM subsystem, and also not optimize QM/MM LJ parameters. For

the sake of simplicity of the tutorial, and since producing a whole set of QM/MM-optimized LJ parameters is beyond the scope of this tutorial

review, we will simply use LJ parameters from the universal force field.[142] Nevertheless, the reader is implored to consider the steps left out

here, and seek more information,[91–94] before venturing on.

5.4.1 | Building the complex

Many molecular geometries can be obtained directly online from databases like PubChem or the Protein Data Bank and serve as a starting point

for further geometry optimizations. Snippet 5 shows one way of constructing [FeIICN4]
4− (show in Figure 5), of which a 3D structure is not readily
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available in PubChem, by positioning cyanide ligands obtained from PubChem around the central Fe atom positioned in origo. For simple cyano

groups it is most likely easier simply to write out the coordinates of a single group manually, and copy that, but this method quickly becomes cum-

bersome for larger ligands. Snippet 5 ends with saving the atomic coordinates in an .xyz file which can be visually inspected with most atomistic

visualizers, including ASE's own. ASE by default uses the extended xyz format, which some visualizers will not parse. This can be disabled by

adding plain = True to the write-call.

Snippet 5 Iron(II) hexacyanide in ASE.

We then optimize the complex using ASE's FIRE optimizer[143] until the maximum force on any atom reaches below 0.05 eV/Å, as shown in

snippet 6, skipping all the crucial analyses of basis set size and choice of functional, as discussed in the previous sections.

Snippet 6 BLYP/def2-SVP vacuum geometry optimization with ORCA in ASE, using 16 cores.

F IGURE 5 Visualization of the complex

14 of 22 DOHN



5.4.2 | Solvating and charge-neutralizing the complex

Based on how to create and equilibrate a simulation cell of water described in Section 5.2, snippet 7 shows a worked example of such a process,

this time in two steps, by first equilibrating a cell of 343 molecules, and then repeating that cell to obtain a total of 2744 molecules. The first simu-

lation is run with a 1-fs time step for 4 ps, and the second with a 2-fs time step for a total of 40 ps. Both simulations are performed in the NVT

ensemble, using a Langevin thermostat, with a friction coeffiecient corresponding to roughly 1 ps−1 (see the online ASE documentation for more

information on the units of ASE).

Snippet 7 Equilibrating a water box in ASE using a Langevin thermostat.

The script imports a method called rigid from the module rigid_water. This short code finds the indexes of which atoms to constrain to

each other based on the “OHH…” sequence we specified in line 14 of snippet 7, and returns a constraints object that keeps the water mole-

cules rigid as required for the TIP4P potential used. One could, of course, simply define this method within the script of snippet 7, but we will

need it again later for the QM/MM BOMD simulations. It is shown in snippet 8.

Snippet 8 Building an ASE-constraint object for rigid water: rigid_water.py.

This version uses a faster, c-based implementation included in GPAW, but can be replaced with
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from ase.constraints import FixBondLengths

if GPAW is not available. We then use the solvator script of snippet 4 by invoking

python solvate.py FeCN6_opt.traj@-1 tip4p_2744mol_equil.traj@-1 3 2.5 1

to embed the last frame of the vacuum optimization into the last frame of the equilibrated solvent box. Then, in order to charge-neutralize the

total system, we add four K+ counterions to the cell and remove overlapping waters, in a manner very similar to the previous step. Snippet 9

shows one way of doing this, adding the four ions at positions based on one-fourth and three-fourth of the length of the box sides. The

sequence of the atoms object is structured such that we have the atoms belonging to the QM subsystem first, then the counterions, and lastly

the solvent.

Snippet 9 Adding counterions to the simulation box.

5.4.3 | Perfoming QM/MM BOMD simulations

The script in snippet 10 details all the necessary steps for perfoming the actual QM/MM BOMD simulation on the simulation box, now fully

prepared for the last round of equilibration, to let the positions of the complex, water molecules, and counterions adjust to each other. The

script can look somewhat long compared to input files for other programs, but many of its functionalities (eg, assignment of LJ parameters)

can be saved somewhere centrally instead, and simply imported at the beginning of the script. On the other hand, the modularity of working

with python-objects allows great flexibility in how to run simulations. Lines 15–21 define the prefix for the output files from the simulation,

make a list with the indices of the atoms of the complex, which will make up the QM subsystem, and read in the simulation box created in

the previous step. Lines 25–42 initialize the ASE calculator that handles the classical interaction potential between the counterions and the

solvent. The potential consists of a Coulomb and an LJ term and thus needs LJ parameters from the water potential as well as the counter-

ions. The LJ potential used in the parameterization of the potassium ions provides Rmin (the position of the well-bottom), not σ, hence the

conversion factor in line 30.[144] The partial charges are carried by the ASE calculator-objects, so one does not have to specify it explicitly

for potentials where they are always the same (eg, the TIP4P potential). The calculator for the counterions takes the charge as its first input,

see line 38.
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Snippet 10 Running QM/MM BOMD simulations in ASE.

Lines 44–68 make arrays of LJ parameters for the evaluation of the last term of Equation (2), and initialize the object that takes care of the

actual evaluation. Lines 49–58 set up a dictionary with element keys and their corresponding LJ parameter values, which are then expanded into
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lists containing one value per atom. Thus, if atoms of the same element do not have the same LJ parameters, we can simply define what LJ param-

eters we want for each individual atom instead.

Lines 71–83 take care of the constraints used in the simulation. Since effective concentration of the complex and counterion in the simulation

box might be higher than in experiments, we use simple flat-bottomed Hookean potentials to keep them restrained in spheres of 1 Å within their

original position. Similarly, we restrain the complex to within 4 Å of the center of the cell, for the duration of the equilibration. In lines 85–96 of

the script, the electrostatic embedding calculator object EIQMMM is initialized and attached to the atoms object. The object needs the indices of

the qmatoms, a QM calculator object, the MM calculator object, and embedding object taking care of interfacing the PointChargePotential

described in snippet 1, and the LJ interaction potential. The rest of the script runs the dynamics, just as for the pure MM MD simulations. The

plots on the left side of Figure 6 shows how the total potential energy and temperature of the system stabilize as the various components of the

simulation plot adjust to each other.

6 | SUMMARY

In this tutorial review, we have discussed most of the central technical aspects of deploying and employing the electrostatic embedding QM/MM

methodology for ab initio MD simulations of molecules in solution. Using ASE and ORCA to concretize the concepts, we have attempted to illumi-

nate the approximations in the QM/MMmethodology that can affect the outcome of the simulations and how to address them. We have demon-

strated how to assess coupling artifacts in coupled energies and structures and introduced the templating tool SQRTINY[110] in an attempt to

make such benchmarks more easily attainable for newcomers to QM/MM. We have also described the main technical aspects of setting up and

performing QM/MM BOMD simulations, highlighting important considerations to make, such as defining the extension of the QM region, the

MM region, and the conceptual differences between ab initio MD and classical MD, as a starting point for newcomers to such methods. We then

presented a worked example on how to prepare a QM/MM BOMD simulation, assuming that all preliminary tests and benchmarks have been

performed already.

Finally, Figure 7 attempts to collect the topics in this tutorial review by providing a suggestion for a QM/MM BOMD workflow, in the hope

of minimizing lost work and computation effort for newcomers having missed any of the myriad aspects to consider before actually starting a

QM/MM BOMD calculation.

More ASE-specific, concrete examples and tutorials can be found online: https://wiki.fysik.dtu.dk/ase/tutorials/qmmm/qmmm.html. This

location will also stay updated should some of the syntax change post publication of this tutorial review.

F IGURE 6 Quantum mechanics/molecular mechanics BOMD Equilibration of [FeIICN4]
4− in water. Top left: Total potential energy of the

system. Bottom left: Temperature of the total system. Right: A snapshot of the equilibration trajectory, showing the highest occupied molecular
orbital of the complex, as well as the MM water solvent and one of the counterions vaguely visible in the background
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ENDNOTES
1In ASE, a “calculator” is a Python class that takes in input parameters such as atomic positions and provides energies and forces based on those parame-

ters. Examples include the interface to ORCA and the calculator class that is an implementation of the electrostatic embedding QM/MM potential.
2For polarizable embedding, a third type of artifact could be defined, namely as changes in the polarization profile of the MM subsystem when polarized

by the QM subsystem, compared to when it is only polarized by itself.59

3A fast, ASE-compatible RATTLE implementation for water can be found in GPAW.130

F IGURE 7 Flowchart providing an overview of the decisions to take and tasks to perform when setting up a quantum mechanics/molecular
mechanics BOMD simulation, as reviewed in this work
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