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Abstract

In this paper, the performance of a wide range of DFT methods is assessed for the calculation
of interaction energies of thermal clusters of a solute in water. Three different charge states
(neutral, proton transfer transition state and zwitterion) of glycine were solvated by 1 to 40
water molecules as sampled from molecular dynamics simulations. While some ab initio
composite methods that employ insufficiently large basis sets incurred significant errors even
for a cluster containing only 5 water molecules relative to the W1X-2 benchmark, the DLPNO-
CCSD(T)/CBS and DSD-PBEPS6 (triple zeta basis set) levels of theory predicted very accurate
interaction energies. These levels of theory were used to benchmark the performance of 16
density functionals from different rungs of Jacob’s Ladder. Of the Rung 4 functionals examined,
the ®B97M-V and ®B97X-V functionals stood out for predicting absolute interaction energies
in 40-water clusters with mean absolute deviations (MAD) ~ 4 kJ mol™!. The B3LYP-D3(BJ)
functional performed exceptionally well with a MAD ~ 1.7 kJ mol™ and is the overall best

performing method. Calculations of relative interaction energies allow for cancellation of



systematic errors, including basis set truncation and superposition errors, and the ®B97M-V
and B3LYP-D3(BJ) double zeta basis set calculations yielded relative interaction energies that
are within ~ 3 kJ mol™! of the benchmark. The ONIOM approximation provides another strategy
for accelerating the calculation of accurate absolute interaction energies provided that the

calculations have converged with respect to the size of the “high-level-layer”.
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Introduction

Many chemical and biological reactions occur in the solution-phase, and the solvent can often
influence reaction rates, conversion efficiency and product selectivity in a variety of ways. For
example, it may directly participate in the reaction (cf. ligand in transition metal complexes),
change the relative stabilisation of the reactant, transition state or product or even alter the
solubility of different components of the reaction.! As such, our ability to accurately predict
the rate and equilibrium constants of reactions depends on how well solute-solvent interactions

are described by our computational models.

The development of quantum mechanical (QM) implicit solvent models (also known as
continuum solvent models)>* has facilitated the study of many solution phase processes due to
their ease of use, low computational cost, and moderate accuracy. Typically, these models
contain parameters that have been optimised at modest levels of theory (e.9. DFT and double
{ basis set) to reproduce experimental data. In general, implicit solvent models are
computationally very efficient, and are able to predict the free energies of solvation of typical
neutral solutes to within ~ 5 kJ mol! of experiment. However, these models can easily incur
errors in excess of 20 kJ mol™! for charged solutes, and they are less amenable to systematic
improvement.*'® While various hybrid implicit-explicit schemes have proposed,'®'* e.g.
explicit account for a few solvent molecules in the first solvation shell, this introduces other
issues related to configurational sampling and the harmonic treatment of floppy vibrational
modes. In this regard, explicit solvent models are considered more robust alternatives to
implicit models because the solute and solvent degrees of freedom and their interactions are
modelled explicitly. Accordingly, the accuracy of these models may be systematically

improved through the use of increasingly accurate intermolecular potentials, €.g. fixed charge



force fields, polarisable force fields and hybrid quantum mechanics/molecular mechanics

(QM/MM) potentials. >

There has been some success in the application of explicit solvent models to predict organic
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and inorganic reaction mechanisms,'® % electrochemistry,>! 2’ and pKa values.?® 3! However,
given the size of these systems and the need for extensive configurational sampling, explicit
solvent simulations are generally carried out using classical MM force fields or hybrid
QM/MM potentials. An intriguing observation from these studies is that use of supposedly
more accurate potentials does not necessarily translate to gains in accuracy. For example, Mei
and co-workers have found that the use of QM/MM potentials did not improve the results of
transfer free energies compared to the MM simulations.>? Similarly, York and co-workers have
also reported hydration free energies determined using DFT/MM methods were generally
inferior to classical force field simulations.*® This raises the question of whether the use of

more robust DFT/MM potentials can indeed better describe solute-solvent interactions than

classical force fields, and whether explicit solvent models can be systematically improved.

Recently, our group has applied an alternative approach that involves a separate treatment of
intra- and intermolecular contributions using a thermodynamic cycle.® Specifically, in this
approach, the gas phase free energy (AGgas) is obtained using very high levels of theory (e.g.
CCSD(T)/CBS) and the solvation contribution (AAGs) to the solution phase free energy change
is obtained using free energy perturbation (FEP) in conjunction with explicit solvent molecular
mechanics molecular dynamics (MD) simulations (Figure 1A). The solvation contribution may
subsequently be improved using end-state corrections (AG(MM—->QM)) to mitigate the
inaccuracies associated with the force field description of intermolecular interactions (Figure
1B). These end-state corrections may be obtained from FEP calculations using MM and QM

solute-solvent interaction energies determined on clusters containing a sufficient number of



solvent molecules to mimic bulk solvent effects. Such a “reference potential” type approach

3341 represents a cost-effective alternative to “one-pot” ab initio MD simulations, which treat
both the intra- and intermolecular degrees of freedom at the same level of theory (usually DFT)
and are exceedingly expensive.
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Figure 1. (A) Thermodynamic cycle for the calculation of solution phase free energy changes.
(B) Thermodynamic cycle for the calculation of MM to QM end-state corrections
(AG(MM—->QM)) to the solvation contribution to the free energy change. AGs, AGgas and AGaq
refer to the free energy of solvation, gas phase and aqueous phase reaction free energy changes

while R and P denote reactant and product respectively.

While our recent work demonstrated the effectiveness of this approach in the treatment of an
SN2 reaction in water, there are several issues concerning the broader applicability of this
procedure. Specifically, the reliability of the end-state corrections in Figure 1B,
(AGR(QM>MM) and AGp(MM—>QM)), is rested on the assumption that the MM thermal
ensembles at the reactant and product are good approximations to the ensembles that would
have been obtained using accurate quantum chemistry models. This will likely depend on the
nature of the system and also the choice of MM force field.® There are also two concerns on
these end-state corrections, firstly related to their cost as they entail a myriad of QM

calculations of relatively large solute-solvent clusters, and secondly what QM level of theory



to use for these calculations. The first concern has been addressed in a recent study where we
demonstrated the use of the systematic molecular fragmentation approach to accelerate these

QM calculations by 10-15 times while retaining a mean accuracy of ~ 5 kJ mol™!.#?

The second question is the subject of this paper, i.€. how accurate are approximate QM methods
at describing solute-solvent interactions, particularly in thermal clusters obtained from MD
simulations? Whilst there are many valuable benchmarking studies®° that assessed the
performance of DFT and wavefunction methods for the calculation of non-covalent
interactions, the vast majority focused on zero-Kelvin structures of small dimers such as those
in the S22°° and S66°' datasets. Recently, Martin and co-workers have benchmarked the
performance of DFT and explicitly correlated ab initio methods against the S66x8 dataset
which considers the dimers in the S66 dataset at non-equilibrium separations. The authors
recommended the DSD-PBEP86, ®B97X-V, B3LYP-D3(BJ) and BLYP-D3(BJ), which
performed very well with RMSD values smaller than 1 kJ mol™! relative to explicitly correlated
MP2 and coupled cluster methods.*¢ Other datasets that contains non-equilibrium geometries
include the S668a2, which systematically scanned interfragment angles, NBC10 and HBC®6,
which provided frozen monomers and relaxed potential energy curves,*** ACHC,>® which
examined nucleobase pair degrees of freedom and BFDb,’® which contains numerous protein

sidechain-sidechain and backbone-backbone interactions.

In another recent study, Mardirossian and Head-Gordon compiled the MGCDB84 dataset
which contains inter alia non-covalent interaction data for 1835 dimers and 243 small water
clusters of neutral and charged solutes.*> Of the 200+ DFT methods examined in that study,
the authors showed that the range-separated hybrid ®B97M-V>’ functional yielded the lowest
RMSD of 1 and 2 kJ mol™! for the dimer and cluster datasets respectively.** However, due to

small size of these clusters (typically 6 or fewer water molecules) and limited variation of the



solute (F, Cl-and SO4%), it is unclear if the ®B97M-V and other similar performing functionals
would perform as well in the prediction of interaction energies involving larger clusters and
different solutes. With many-body van der Waals and induction effects likely to contribute
more significantly to the solute-solvent interactions in larger clusters, it is of interest to examine

how this affects the performance of functionals that rely on a pairwise description of dispersion.

To this end, this paper reports an extensive benchmarking study of density functionals from
various rungs of Jacob’s Ladder as well as approximate wavefunction methods such as
DLPNO-CCSD(T) and composite methods to determine the absolute and relative glycine-
water interaction energies in clusters containing up to 40 water molecules (Figure 2). The
choice of system is motivated by not only the fact that it has been studied by many different
groups*’%67 but also because it allows a systematic variation of the solute, i.€. neutral and
zwitterionic glycine, and the proton-transfer transition state with different extent of charge
separation. This will enable us to probe the performance of different theoretical methods as the

magnitude and nature of the solute-solvent interactions are altered.

This paper is laid out as follows: We first sought to identify levels of theory that balance cost
and accuracy based on calculations on smaller-sized clusters. These levels of theory are then
used to benchmark a variety of DFT functionals against the calculation of absolute and relative
interaction energies of the three states of glycine in water clusters containing up to 40 waters.
Finally, we examined how the ONIOM model®® may be used to accelerate the calculation of

these interaction energies.



Neutral Glycine (NGLY) TS Glycine (TS) Zwitterionic Glycine (ZGLY)
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Figure 2. The three states of glycine considered in this study.

Computational Details

All electronic structure calculations were performed using the Gaussian16,* Molpro,’*”! Q-
CHEM (version 5.0)"? and ORCA (version 4.1.2)">"* programs. All molecular dynamics (MD)
simulations were performed using the CHARMM>’¢ force field and the NAMD'’ program.
The geometries of glycine (neutral, zwitterionic and transition state) were calculated using the
SMD”® implicit solvent model (aqueous solvent) at the M06-2X/6-31+G(d,p) level of theory.
The solute geometries were then separately embedded in a 32 x 32 x 32 A periodic box
containing 1091 TIP3P water molecules to produce the density of bulk water. During the MD
simulation, the glycine solute geometry is held at a fixed geometry at the centre of the water
box, and the solute-water clusters of varying sizes containing the nearest 1, 3, 5, 10, 20 and 40
water molecules were extracted from the MD trajectory. The nearest water molecules were
determined by computing all pairwise distance between the atoms in the solute and the atoms
in a chosen TIP3P water. The shortest atom-atom distance is recorded for that water, and the
process is repeated for all water molecules within a specified cut-off radius. The distances are
then ranked to determine the nearest n water molecules. Following a 1 ns equilibration run, a

total of 20 snapshots were collected from a production run of 1 ns (spaced by 50 ps) under NPT



ensemble (25 °C and 1 atm), and the mean absolute deviations (MAD) in the calculated

interaction energies were obtained from these snapshots.

The absolute interaction energies were obtained using the standard expression in Equation 1
without thermal or zero-point vibrational corrections. The number of water molecules in the
cluster is denoted by n, and Egly, Ewater(N), Ecpix(N) are the gas-phase electronic energies of the

solute, the water cluster, and the entire glycine-water complex, respectively.

AEint(n) = Ecplx(n) - Ewater(n) - Egly (1)

Single point calculations were performed using various levels of theory. The composite
methods WGh,” G4(MP2)-6X,*° CBS-QB38! and W1X-2% were calculated using the Gaussian
16 or Molpro packages. The DLPNO-CCSD(T) calculations were performed using “TightPNO”
setting in ORCA, and a two-point complete basis set (CBS) extrapolation was performed based
on the aug-cc-pVXZ (X=D,T) and cc-pVXZ (X=D,T) basis sets using optimised o/ values of
4.3/2.51 and 4.42/2.46 respectively.®® These are denoted by DLPNO-CCSD(T)/aug-CBS and

DLPNO-CCSD(T)/CBS respectively.

The DFT calculations were carried out using Q-Chem and ORCA and are listed according to

the rungs in Perdew’s DFT Jacob’s Ladder:®*
(a) Rung 5 — Double Hybrid (DH) GGA:
DuT-D3.% DSD-PBEP86%47 and DSD-PBEPBE®’
(b) Rung 4 —Hybrid GGA/meta-GGA:

MI1L%¥ ©B97M-V,”” ©B97X-V.* ®B97X-D,” ©B97X°!, M06-2X,”> MNI15,

PW6B95-D2,°4% B3LYP-D3(BJ),’*® B3LYP,’* B97-3-D2,%>% B97-1'%°



(c) Rung 3 —meta-GGA:

B97M-rV,!"! mBEEF!®

(d) Rung 2 — Generalised Gradient Approximations (GGA):

B97-D3(BJ),”8 GAM!%3

All DFT calculations were calculated using default settings in the respective packages. Because
different programs have different exchange-correlation (XC) quadrature grids, we also verified
that the effect of XC grids is less than 1 kJ mol™! in terms of interaction energies. The aug’-cc-
pVTZ basis sets were used for all DFT calculations. The aug’-cc-pVXZ (X=D,T) is a modified
version of aug-cc-pVXZ which uses cc-pVXZ for H atom and aug-cc-pVXZ for all other

elements). Semi-empirical PM7'%

calculations were carried using Gaussian16 while the tight-
binding density functional with 3™ order correction (DFTB3)!91% was carried using the
DFTB+ package.!”” The DFTB3 calculations employed the 30B parameters and include
dispersion corrections based on the Slater-Kirkwood (DFTB3-SK) polarisable atomic model'%®

or Grimme’s D3 with Becke-Johnson damping.”® Energy decomposition analysis was

performed using the ALMO-EDA2 method!?!%!10 a5 implemented in Q-CHEM.
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Results and discussion

Choice of basis set and basis set superposition error (BSSE). We first considered the choice
of basis sets for the DFT calculations with the view to minimising basis set superposition error
(BSSE), basis set incompleteness error (BSIE) and computational cost. At the complete basis
set (CBS) limit, one expects both BSSE and BSIE to approach zero so minimising BSSE is an
approximate way of determining the best CBS estimate. As shown in Figure 3a, we calculated
the BSSE in the interaction energy for a glycine-(H20)10 cluster using the aug-cc-pVDZ and
aug-cc-pVTZ and the corresponding basis sets without diffuse functions on the hydrogen atoms
(denoted aug’-cc-pVDZ and aug’-cc-pVTZ), as well as several other triple and quadruple zeta
basis sets. The BSSE were determined using the counterpoise method''! and ranged from ~ 1
to 18 kJ mol™!. The smallest BSSE obtained using the pc-3 and quadruple-zeta basis sets is ~
1-2 kJ mol™!, while the use of the triple-zeta basis sets incurred a slightly higher BSSE ~ 3-4 kJ
mol!. Interestingly, the larger aug-cc-pVTZ basis set has a slightly higher BSSE compared to
the smaller aug’-cc-pVTZ counterpart indicating that a smaller BSSE may not necessarily

imply a smaller BSIE.

Figure 3b illustrates how the BSSE varies with the size of the cluster for ZGLY. As shown,
BSSE increases monotonically as the number of water molecules is doubled though the change
is generally minimal (~ 1 kJ mol™) for the triple-zeta basis set (see Table S1). While the use of
augmented, quadruple-zeta basis set (€.g. def2-QZVPPD) is recommended to minimise
BSSE,” this adds considerably to the cost of the calculations (~ 6 fold increase in wall time;
Figure 3a) but with only a moderate reduction in BSSE by ~ 2 kJ mol™! (See also Tables S2-4).
This is consistent with several recent studies which found that the difference in RMSD between
triple-and quadruple zeta basis sets for the calculation of non-covalent interactions is typically

<1 kJ mol 1. #%

11
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Figure 3. Comparison of basis set superposition error (BSSE) using M06-2X in conjunction
with various basis sets for (a) 10 H20 clusters with three states of solute (NGLY, TS, ZGLY)
and respective timing for BSSE calculations, and (b) ZGLY with three cluster sizes (5, 10, 20

H»0). Data shown is obtained from the average over three frames.

Further, we note that there is little difference in BSSE between the aug’-cc-pVTZ and aug-cc-
pVTZ basis sets and this is true regardless of the charge state of the solute and the cluster size
(Figure 3). This is encouraging because the aug’-cc-pVTZ contains 765 fewer basis functions
compared to the aug-cc-pVTZ basis set for the largest 40-water cluster and is approximately 5
times faster (based on M06-2X calculations with Q-Chem version 5.2 using 8 cores Intel Xeon

E5-2670 (Sandy Bridge) 2.6GHz). Accordingly, it appears that the aug’-cc-pVTZ basis set
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represents a reasonable compromise in terms of cost and accuracy. All subsequent DFT
calculations presented in this work are based on the aug’-cc-pVTZ basis set, unless stated
otherwise. As shown in Tables S5 and S6, for a given basis set and cluster size, the combined
basis set error (BSSE + BSIE) is also relatively insensitive to the choice of DFT functional and
will not affect the comparison between the different DFT functionals and the DSD-PBEP86

benchmark.

For the DLPNO-CCSD(T) complete basis set extrapolated energies, it was not possible to
quantify BSSE, but it is interesting to note that these calculations are more sensitive to the
inclusion of diffuse functions in the basis set. As shown in Figure 4, the CBS extrapolated
interaction energies based on the cc-pVXZ and aug’-cc-pVXZ basis sets are significantly
different from those obtained using the aug-cc-pVXZ basis set (X=D,T). In particular, the
interaction energies can differ by as much as 15 kJ mol™!, and this is consistent for all charge
states of the solute. For this reason, all DLPNO-CCSD(T) energies reported herein are based

on the aug-cc-pVXZ (X=D,T) basis sets, i.e. DLPNO-CCSD(T)/aug-CBS.
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Figure 4. The difference in DLPNO-CCSD(T) interaction energies comparing aug’-CBS(2,3)
and CBS(2,3) against aug-CBS(2,3), for the three states of solute and a randomly selected

configuration of an increasing size of water clusters (5,10, 20 H20).

Choice of the benchmark. We sought to identify cost-effective methods using smaller clusters
that may be used to benchmark DFT methods for larger water clusters. For this purpose, we
considered the DLPNO-CCSD(T)/CBS level of theory as well as the WGh, G4(MP2)-6X and
CBS-QB3 composite methods and three double-hybrid DFT methods DuT-D3, DSD-PBEP86
and DSD-PBEPBE. These methods were benchmarked against the W1X-2 composite method,
an economical approximation to canonical CCSD(T)/CBS, for 1, 3 and 5 water clusters. Briefly,
the W1X-2 procedure is an approximation to W1w.'"? It requires only two CCSD-F12b
calculations (with the aug’-cc-pVDZ and aug’-cc-pVTZ basis sets) for the evaluation of
valence CCSD(T)/CBS term, and a nearly cost-free MP2 core-correlation term. These features
result in an order of magnitude reduction in computational cost (relative to W1w). The W1X-
2 method has been evaluated against a diverse range of thermochemical quantities including
the E2 set of 526 relative energies, the BDE261 set of 261 dissociation energies, barriers for
pericyclic reactions, and heats of formation of medium-sized molecules with mean absolute

deviation (MAD) below 4 kJ mol .

Figure 5 shows their mean absolute deviation (MAD) calculated over 20 frames for ZGLY. As
shown, the errors associated with all methods increase with the size of the cluster and that the
errors exceed 5 kJ mol™! for G4(MP2)-6X, CBS-QB3, DuT3 and DSD-PBEPBE for the 5-water
cluster. Notably, the G4(MP2)-6X composite method performed poorly presumably due to the
absence of diffuse basis functions in the CCSD(T) component of this method.!"® Similar
behaviour was observed for the calculation of interaction energies for NGLY and TS (See

Figure S1 and S2). On the other hand, WGh, DSD-PBEP86 and DLPNO-CCSD(T)/aug-CBS
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errors are consistently within 4 kJ mol!. For this reason, the DSD-PBEP86 and DLPNO-
CCSD(T)/aug-CBS levels of theory were considered to be our benchmark for the study of

larger water clusters because of their relatively moderate computational cost.

10 ZGLY
DLPNO-CCSD(T)
WGh
8  G4(MP2)-6X
CBS-QB3
= DuT-D3
g 6 DSD-PBEPS86
s DSD-PBEPBE
5’ -
0O ab
< 4 y
= |
| N
L Balh
1H,0O

O 5H,0

2

Figure 5. The mean absolute deviation (in interaction energies) from W1X-2 values for clusters
containing zwitterionic glycine and 1, 3 and 5 water molecules. The error bars represent the

standard deviation over 20 frames.

DFT benchmark — absolute interaction energies. We have carried out DLPNO-
CCSD(T)/aug-CBS and DSD-PBEP86/aug’-cc-pVTZ calculations of clusters of NGLY, TS
and ZGLY containing 1, 3, 5, 10 and 20 waters and found that the two levels of theory agree
to within 2.1 kJ mol! on average (see Tables S6-S11). As it was impractical* to run the
DLPNO-CCSD(T)/CBS for the 40-water clusters, all the mean errors presented in this section
are with respect to DSD-PBEP86/aug’-cc-pVTZ values. Figure 6 summarises the MAD of the
different DFT methods arranged according to Jacob’s Ladder (lowest rung starts from the right-

hand side); mean absolute percent deviation (MAPD) are shown in Figure S3). The vertical
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axis represents the number of waters in the cluster. The magnitude of the mean signed deviaion
(MSD) is identical to the MAD values in the calculated interaction energies indicating the
errors are highly systematic. With the exception of M06-2X and ®B97X, all DFT methods
under-estimate the benchmark interaction energies, i.€. less negative compared to benchmark

value.

For most of the Rung 2, Rung 3 and some of the Rung 4 functionals, there is a clear trend where
the MAD values increase with the size of the cluster. The ZGLY clusters appear to be more
challenging for these methods presumably because the magnitude of the interaction energies is
significantly higher compared to NGLY and TS. With the exceptions of B97M-rV, B97-3-D2,
B3LYP-D3(BJ) and M06-2X, all functionals in these rungs incur unacceptably significant
errors as high as 84 kJ mol™! for the ZGLY 40-water cluster. Interestingly, the B97M-rV
performed exceptionally well for NGLY and TS with errors consistently within 5 kJ mol™! for
all cluster sizes; however, the MAD grows to 14 kJ mol™! for ZGLY 40-H2O clusters and is

therefore not recommended.

Comparison between B3LYP and B3LYP-D3(BJ) reveal an even more dramatic effect where
the MAD reduces from 84.5 to 2.2 kJ mol! for ZGLY 40-H20 clusters upon the inclusion of
dispersion corrections. This change represents about 22% of the total interaction energy, and
is consistent with results from energy decomposition analysis (see Figure S4 and Tables S12-
14). In particular, the B3LYP-D3(BJ) performed exceptionally well with MAD values
consistently within 4 kJ mol! across all three charged states of the solute and for all cluster
sizes. These results are in accord with previous studies by Grimme and Martin groups who saw
a ~ 10-fold reduction in MAD for B3LYP-D3(BJ) compared to B3LYP for the S66x8 dataset

that contains dimers at non-equilibrium configurations.*!14
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Range separated hybrid GGA and meta-GGA (Rung 4) functionals perform very well with
MAD values that are typically within 5 kJ mol™! across the board. On this rung, the worst
performing functional is M11 where it recorded the highest MAD of 9 kJ mol™! (for NGLY-
(H20)40) and its MAD appears to grow with the size of the system. By comparison, The MAD
for all range separated hybrids (wB97 family) are relatively independent of cluster size. In
accord with previous benchmarking studies of smaller dimer systems, this study demonstrates
that these methods are reasonably robust and their performance are not sensitive to the cluster
size or the charged nature of the solute. Accordingly, the following methods: ®B97X, ®B97X-
D, M06-2X, B3LYP-D3(BJ), ®B97X-V and ®B97M-V are recommended for calculating the

absolute interaction energies for water clusters and systems similar to this work.

n(H,0) NGLY Energy (kJ mol)
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0.8 60 27
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Figure 6. Mean absolute deviation (MAD) in DFT/aug’-cc-pVTZ absolute interaction energies

relative to DSD-PBEP86/aug’-cc-pVTZ values averaged over 20 different solvent
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configurations. n(H20) denotes for the number of water molecules in the glycine-water

complex.

DFT benchmark —relative interaction energies. From a practical point of view, the accuracy
of calculated absolute interaction energies is less critical for the calculation of reaction energies
because the solvation contribution is quantified by the relative solvation free energies of the
initial and final states (AAGs). This is also true in the context of the MM—=>QM end-state
corrections presented in Figure 1B. Accordingly, we also examined the performance of various
DFT methods to describe the relative interaction energies for the following processes: NGLY
- ZGLY and NGLY > TS (Figure 7). As shown, there is a significant improvement in
performance across all DFT methods suggesting that there is substantial cancellation of
systematic errors. In particular, nearly all DFT methods (with the exception of B97-1) can
predict relative interaction energies for the NGLY = TS process to within 10 kJ mol™! of the
DSD-PBEP86 benchmark for all cluster sizes. The improvement is less pronounced for the
NGLY > ZGLY reaction presumably because the latter reaction is accompanied by a more
considerable increase in charge separation and consequently a significant change in solvation

pattern.

18



@) n,0 Reaction Barrier NGLY—— TS Energy (kJ mol")

0.6 1.0 08
0.4 0.5 0.5 0.6
M11 wB97M wB97X wB97X wB97X M06 mMN15 PWEBS5 B3LYP paLyp B97-3 B97-1 B97M mBEEF B97 GAM
R v -D -2X -D2  -D3(BJ) -D2 v -D3(BJ)
(®) n(H,0) Reaction Energy NGLY — ZGLY Energy (kJ mol”)

25

3.8 5.0 i i J 6. . A e B 10

22 21 1.5 i d " A : A 3 5

1.0 07 1.0
0
M11 wB97M wB97X wB97X wB97X MO6 MN15 PW6B95 B3LYP pgayp B97-3 B97-1 B97M mBEEF B97 gam
-V -V -D -2X -D2  -D3(BJ) .D2 -tV -D3(BJ)

Figure 7. MAD in DFT/aug’-cc-pVTZ relative interaction energies against DSD-
PBEP86/aug’-cc-pVTZ values for (a) reaction barrier, NGLY —> TS, and (b) reaction energy,

NGLY = ZGLY. The relative interaction energy is defined as AENY 7% (n) = ENMY (n) —

EX.(n), with n denoting the number of water molecules, and X = TS or ZGLY.

To adequately describe the relative interaction energies for both processes, we note that with
the exception of B97-1 and B3LYP, all Rung 4 global hybrid GGA functionals and above are
able to predict relative interactions energies to within ~ 8 kJ mol™! of the benchmark, and
unsurprisingly, the previously identified best methods, i.e. B3LYP-D3(BJ) and ®B97 family
of functionals performed the best with MAD values that are all within 4 kJ mol™!. It is worth
highlighting that even though the performance of some functionals such as B97-3-D2 and
PW6B95-D2 is significantly improved, the errors in these models appear to grow with the size

of the cluster and may not retain the same level of accuracy when applied to larger clusters.

Since the calculation of relative interaction energies benefits from systematic cancellation of

errors, we have also examined if the use of smaller (double zeta) basis set calculations could
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lead to a further reduction in CPU time while retaining the same level of accuracy. Using a
subset of the best performing methods shown in Figure 7, namely M06-2X, ®B97M-V,
wB97X-V, B3LYP-D3(BJ), ®B97X-D and ®wB97X, we repeated the calculations using the
aug’-cc-pVDZ basis set. As noted in Figure 3, the use of this basis set can incur BSSE larger
than 20 kJ mol™! for the ZGLY-(H20)20 cluster. Nevertheless, the magnitude of the BSSE also
appears to be relatively insensitive to the charge state of the solute, so we expect substantial
cancellation of BSSE (and presumably BSIE) in the relative interaction energy calculations.
As shown in Figure 8, this is indeed the case for the six functionals considered, and the extent
of error cancellation was the best for the ®B97M-V, ®B97X-V and B3LYP-D3(BJ) functionals.
This is remarkable because the aug’-cc-pVDZ basis set results in ~ 4-fold speed-up for the
®wB97 family of functionals when applied to the 40-water cluster and this significantly

improves the cost effectiveness of the end-state correction calculations (Figure 1B).

@ nm,0) Reaction Barrier NGLY —» TS Energy (kJ m°'1“;

M06-2X wB97M-V wB97X-V B3LYP-D3(BJ) wB97X-D wB97X
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10

M06-2X wB97M-V wB97X-V  B3LYP-D3(BJ) wB97X-D wB97X

20



Figure 8. MAD in DFT/aug’-cc-pVDZ relative interaction energies against DSD-
PBEP86/aug’-cc-pVTZ values for (a) reaction barrier, NGLY = TS, and (b) reaction energy,

NGLY - ZGLY.

ONIOM. In this last section, we consider the use of the hybrid ONIOM method®® to accelerate
the calculation of absolute and relative interaction energies. As shown in Scheme 1, the
interaction energy of GLY in an N-water cluster calculated at a higher level (HL) of theory is
denoted AEM". In an ONIOM scheme, this calculation can be approximated as the sum of two
contributions, AE"(core) and AE"(iso) where the former is the interaction energy of GLY
with the nearest n-waters calculated at the high-level of theory, and the latter is an isodesmic

reaction which is calculated at a lower-level (LL) of theory.

Recent studies of ONIOM and related hybrid (QM/MM and QM/QM’) methods have found
that these approximations can be quite sensitive to the size of the “high layer” and that this
would also depend on the pairing of the QM and QM’(or MM) methods.®® !5 Accordingly, we
have used the DSD-PBEP86/aug’-cc-pVTZ as our high-level method (HL) and paired it with
several lower-level methods namely M06-2X, ®B97M-V, ®wB97X-V and B3LYP-D3(BJ)

using the smaller aug’-cc-pVDZ basis set as well as the DFTB3 and PM7 semi-empirical

methods.
GLY®D) 4 (H,0)5™ — GLY(H,0)§™ AEHL
GLY®HD 4+ (1,0)" - GLY(H,0)!"" AEHL_
(H,0)" + gLY(H,0)" - 1H,0)" + aLYH,0)¢Y AELL

AEHL ~ AECNIOM(p) = AEHL (n) + AELS(n)

core 150
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Scheme 1. I1lustration of the ONIOM approximation for the calculation of interaction energies.
N is the total number of water molecules in the cluster and n refers to a subset of n-nearest

water molecules to the solute.

Figure 9(a) shows the MAD values due to the ONIOM approximation relative to the DSD-
PBEPS86/aug’-cc-pVTZ absolute interaction energies for the full ZGLY-(H20)40 cluster. For
comparison, the DFT/aug’-cc-pVDZ interaction energies are also shown on the right hand side
of Figure 9(a) (see Figure S5 for ONIOM for NGLY-(H20)40). The accuracy of the ONIOM
approximation was examined as the number of waters in the “high-level-layer” increases.
Consistent with our expectation, the error in the ONIOM approximation decays as the “high-
level-layer” expands to include an increasing number of water molecules. We note that the
ONIOM(DSD-PBEPS86/aug’-cc-pVTZ:M06-2X/aug’-cc-pVDZ) calculation was the best
performing combination with an MAD ~ 3 kJ mol! when 10 water molecules are included in
the “high-level-layer”. The other ONIOM models required at least 20 waters in the “high-layer”

before the errors fall below 5 kJ mol ..

As noted in Scheme 1, the error in the ONIOM approximation can be quantified by the
difference in the isodesmic reaction energy computed at the high and low levels of theory, i.e.
AEHL(is0) — AE(iso). Further, the isodesmic reaction can be expressed in terms of the
difference in glycine-water interaction energies in the GLY(H20)~n and GLY (H20)x clusters so
low levels of theory may still give good agreement with the high-level theory (DSD-
PBEPS86/aug’-cc-pVTZ) provided there is cancellation of systematic errors. Table S16 shows
the isodesmic reaction energies determined at the DSD-PBEP86/aug’-cc-pVTZ level and
various DFT methods in conjunction with the smaller aug’-cc-pVDZ basis set. The data
indicates that M06-2X AE(iso) values are in best agreement with the high-level value which is

consistent with the results presented in Figure 9.
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Figure 9. (a) The MAD values for the ONIOM(DSD-PBEP86/aug’-cc-pVTZ:X/aug’-cc-
pVDZ) absolute interaction energies (X=M06-2X, ®B97M-V, ®B97X-V, B3LYP-D3(B)J),
DFTB3 and PM7) compared to the DSD-PBEP86/aug’-cc-pVTZ benchmark values on the

ZGLY-(H20)40 cluster. (b) Same comparison but for relative interaction energies

(NGLY>ZGLY).

Since the DSD-PBEP86/aug’-cc-pVTZ is the computational bottleneck in the ONIOM

calculation, the inclusion of 10 and 20 waters in the “high-level-layer” could lead to
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approximately 20 and 4-fold reduction in CPU time respectively. As such, we recommend the
use of these pairings in ONIOM calculations of absolute interaction energies. The only caveat
is that the optimal number of water molecules to include in the “high-level-layer” is likely to
vary with solutes, solvents and cluster sizes, so some form of benchmarking is needed to
ascertain that the ONIOM calculation has converged with respect to the size of the “high-level-

layer”.

Figure 9(b) summarises the performance of the ONIOM models for the calculation of relative
interaction energies for NGLY—2>ZGLY. In this case, many of the lower-level methods
(0B97M-V, ®B97X-V and B3LYP-D3(BJ)/aug’-cc-pVDZ) were already predicting relative
interaction energies that are in very good agreement with the DSD-PBEP86 so ONIOM is

unlikely to provide any enhancement in accuracy or efficiency.

Conclusions

In this paper, we have carried out an extensive assessment of DFT, ab initio composite and
wavefunction methods for the calculation of solute-solvent interaction energies in thermal
clusters (as opposed to zero-Kelvin structures). The results indicate that both DSD-PBEP86
and DLPNO-CCSD(T)/CBS yield very accurate interaction energies in accord with W1X-2
values for small clusters containing up to five water molecules. For the calculation of absolute
interaction energies, the ®B97 family of functionals are consistently the best performing
methods, along with M06-2X and B3LYP-D3(BJ). These results are in accord with previous
assessment studies of smaller clusters at equilibrium configurations which further validates the
robustness of these methods in terms of the calculation of electrostatically dominated non-

covalent interactions.
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From a practical perspective, it is the relative interaction energies that are of relevance for
chemical reactions, and we found that the performance of all methods, particularly lower rung
DFT methods are significantly improved. However, the relative interaction energies for NGLY
- ZGLY remains challenging for many methods presumably because this reaction involves a
more significant change in charge separation in the solute such that there is less systematic
cancellation of errors. Finally, for the prediction of absolute interaction energies, we identified
specific pairings of “high” and “low” level methods that may be used in the ONIOM
approximation. The main limitation of this approach is that it is not always clear how many

water molecules need to be included in the “high-level-layer”.

In summary, this study has identified several robust DFT methods for the calculation of solute-
solvent interactions in water clusters as well as some of the strategies that one could apply to
improve the cost-effectiveness of these calculations. This is particularly important for the
improvement of “reference-potential” type explicit solvent simulations which rely on end-state
MM (or QM’) to QM corrections and typically requires many thousands of QM interaction

energy calculations.

Supporting Information

Coordinates of all the 40-water clusters of NGLY, ZGLY and TS as well as the electronic

energies determined at the various levels of theories and supporting figures and tables.
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usage, and 1.27 TB disk I/O.
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