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ABSTRACT: Accurate computational simulations of protein−
glycan dynamics are crucial for a comprehensive understanding of
critical biological mechanisms, including host−pathogen interac-
tions, immune system defenses, and intercellular communication.
The accuracy of these simulations, including molecular dynamics
(MD) simulation and alchemical free energy calculations, critically
relies on the appropriate parameters, including the water model,
because of the extensive hydrogen bonding with glycan hydroxyl
groups. However, a systematic evaluation of water models’ accuracy
in simulating protein−glycan interaction at the molecular level is still
lacking. In this study, we used full atomistic MD simulations and
alchemical absolute binding free energy (ABFE) calculations to
investigate the performance of five distinct water models in six
protein−glycan complex systems. We evaluated water models’ impact on structural dynamics and binding affinity through over 5.8
μs of simulation time per system. Our results reveal that most protein−glycan complexes are stable in the overall structural dynamics
regardless of the water model used, while some show obvious fluctuations with specific water models. More importantly, we discover
that the stability of the binding motif’s conformation is dependent on the water model chosen when its residues form weak hydrogen
bonds with the glycan. The water model also influences the conformational stability of the glycan in its bound state according to
density functional theory (DFT) calculations. Using alchemical ABFE calculations, we find that the OPC water model exhibits
exceptional consistency with experimental binding affinity data, whereas commonly used models such as TIP3P are less accurate.
The findings demonstrate how different water models affect protein−glycan interactions and the accuracy of binding affinity
calculations, which is crucial in developing therapeutic strategies targeting these interactions.

■ INTRODUCTION
Protein−glycan interactions play a crucial role in various
biological processes, such as cell adhesion, immune responses,
and pathogen recognition.1−3 These interactions are integral to
how cells communicate and respond to their external environ-
ment, particularly in the context of disease and defense
mechanisms. For example, in infectious diseases, the way
pathogens interact with host cells is often mediated by these
complex protein−glycan interactions. Highlighting this, studies
by Craig et al. and Smedley have shown that the pilin glycan on
the Pseudomonas aeruginosa’s surface can enhance its invasion
ability to the host cell by increasing P. aeruginosa’s adhesion to
the host tissue.4,5 Furthermore, C-type lectins, such as surfactant
protein D (SP-D), surfactant protein A, and mannose-binding
lectin, are the immunoproteins that specifically target patho-
genic surface glycans related to the innate immune function in
human.6−10 They can recognize various pathogens by binding
the glycans on their surface, including Influenza, SARS-CoV-2,
HIV, and bacteria like P. aeruginosa.11−15 These interactions are
highly specific and play a critical role in molecular signaling

pathways. Despite the significance of protein−glycan inter-
actions, the detailed mechanisms governing protein−glycan
interactions remain only partially understood, primarily due to
their complex and dynamic nature. This complexity underscores
the significance of utilizing full atomistic modeling to provide a
deeper insight into these interactions at the molecular level.
Full atomistic modeling, specifically molecular dynamics

(MD) simulations and alchemical binding free energy (ABFE)
calculations, has proven pivotal in elucidating the dynamic
behavior and glycan-binding specificity of protein−glycan
complexes, providing comprehensive insights into glycan
binding specificity, atomic-scale interactions, and conforma-
tional dynamics integral to pathogen recognition mecha-
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nisms.16−23 The accuracy of these simulations is critically
dependent on the appropriate choice of modeling parameters,
especially the water models used to simulate the aqueous
environment for the protein−glycan system.24 The selection of
an appropriate water model is crucial in simulating protein−
glycan systems, particularly due to the extensive existence of
hydroxyl groups in glycans. These hydroxyl groups engage in
extensive hydrogen bonding, both within the glycan structure
and with surrounding water molecules, significantly influencing
the conformation and dynamics of the glycan.25 Accurate
representation of water is, therefore, essential for modeling these
interactions realistically. Previous studies have demonstrated
that different water models can yield varied results in terms of
solvation properties and hydrogen bonding patterns.26,27

Despite numerous studies employing various water models, a
systematic evaluation of water models’ accuracy in simulating

protein−glycan interaction at the molecular level is still
lacking.16,24,28−30

Although one study assesses the effectiveness of various
carbohydrate force fields in simulating protein−glycan inter-
actions, various factors, including glycan force fields, water
models, and MD parameters like cutoff distance for nonbonded
interaction, protein force fields, and water models, were not well
controlled.24 The presence of multiple variables complicates the
ability to draw definitive conclusions about the performance of
any individual component within the simulation framework.
Furthermore, the correlation between computational predic-
tions, especially regarding binding free energies using different
water models, and experimental data in protein−glycan
complexes has not been investigated. Understanding the
correlation can reveal how different water models impact
binding free energy calculation accuracy, guiding the optimiza-
tion of simulations for more reliable molecular predictions.

Table 1. Protein−Glycan Complex Model Information with Corresponding Experimental ��
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We aim to fill this gap by evaluating the accuracy of five water
models (TIP3P, OPC, SPC/E, TTIP3P-FB, and TIP4P-Ewald)
through extensive MD simulations of six protein−glycan
complexes. Microsecond-scale, full-atomistic MD simulation
trajectories for each model under different water models were
analyzed, focusing on elucidating the dynamical behaviors and
interaction differences in different solvation models. Addition-
ally, we utilize alchemical absolute binding free energy (ABFE)
calculations to evaluate the binding affinities between proteins
and glycans in different solvation conditions and compare them
with the experimental results to quantify each water model’s
accuracy. This study aims to establish a robust benchmark for
selecting the most appropriate water model for accurately
simulating protein−glycan interactions.

■ METHODS
Protein−Glycan Complex Models. In this study, we

assessed the performance of five distinct water models (TIP3P,
OPC, SPC/E, TIP3P-FB, and TIP4P-Ewald) inMD simulations
and alchemical ABFE calculations. We selected six protein−
glycan complexes from the protein data bank (PDB) for this
evaluation. The complexes and their characteristics are as
follows:
1. The C-terminal module of thermostable Thermotoga
maritima xylanase 10A (CBM9-2), comprising residues
1−189 and cataloged under PDB ID: 1I82, specifically
binds the disaccharide DGlcpb1−4DGlcpb1-OH, which
consists of two D-glucoses linked by a 1−4 glycosidic
bond.31 The crystal structure’s resolution is 1.90 Å, and its
binding affinity is measured by isothermal titration
calorimetry.31,32 The CBM9-2 is a carbohydrate-binding
module that facilitates the interaction between the
enzyme and its substrate.31

2. Additionally, CBM9-2 interacts with the monosaccharide
DGlcpb1-OH (PDB ID: 1I8A).31 This crystal structure
also has a resolution of 1.90 Å and uses the same method
to measure the binding affinity as that in 1I82.31,32

3. The Escherichia coli (E. coli) gene regulatory protein AraC
(PDB ID: 2AAC), containing residues 6−168, forms a
complex with DFucpb1-OH, a D-fucose monosacchar-
ide.33 This crystal structure has a resolution of 1.6 Å, and
its binding affinity was measured by tryptophan
fluorescence quenching (TFQ).33,34 AraC is a transcrip-
tional regulator that controls the expression of genes
involved in the metabolism of arabinose and other sugars
in E. coli.33

4. Additionally, AraC, described in the PDB with PDB ID
2ARC for residues 7−167, binds with LArapa1-OH.
LArapa1-OH is an L-arabinose monosaccharide.35 This
structure is resolved at 1.5 Å, and binding affinity was
measured by TFQ.34,35

5. The human SP-D, with its structure in the Protein Data
Bank (PDB ID: 2GGU) consisting of residues 205−355,
is complexed with a glycan DGlcpa1−4DGlcpa1−
4DGlcpb1-OH.36 DGlcpa1−4DGlcpa1−4DGlcpb1-OH
is a trisaccharide that contains three D-glucoses (Glc)
connected through two 1−4 glycosidic linkages. This
crystal structure has a resolution of 1.9 Å, and its binding
affinity was measured by enzyme-linked immunosorbent
assays (ELISAs).36−38 SP-D acts as a collectin in the lung,
recognizing and opsonizing pathogens for phagocytosis
while modulating inflammation.36

6. The human galectin-3 (Gal-3) carbohydrate-recognition
domain, with its structure in the protein data bank (PDB
ID: 2NN8) containing residues 113−250, interacts with a
DGalpb1−4DGlcpb1-OH glycan.39 DGalpb1−
4DGlcpb1-OH is a disaccharide with a D-galactose
(Gal) and a D-glucose (Glc) through a 1−4 glycosidic
linkage. The crystal structure has a resolution of 1.35 Å
and its binding affinity was measured by frontal affinity
chromatography.38−40 Gal-3 is a multifunctional protein
that binds to sugars on various molecules, influencing cell
adhesion, proliferation, and immune response.39

Detailed descriptions of these six protein−glycan complexes
are provided in Table 1, and the corresponding 3D complex
structures are provided in Figure S1.
Structural Preparation, Solvation, and Neutralization.

For the preparation of the molecular structures, we utilized the
tleap module from AmberTools23 to add hydrogen atoms.41

The protein structures were modeled using the Amber ff19SB
force field, while the glycan structures were represented using
the latest GLYCAM06j force field in Amber.42,43 To evaluate the
performance of different water models in simulating protein−
glycan interactions, we used five distinct water models: TIP3P,
OPC, SPC/E, TIP3P-FB, and TIP4P-Ewald.27,44−47 We did not
consider five points or more complex water models as they are
usually used in more complex liquid environments such as ice
and liquid-ice coexistence conditions.48−51 Each protein−glycan
complex was solvated in a rectangular water box, ensuring a
minimum distance of 10 Å from any box edge to the nearest
atom of the complex. This was achieved by creating a water shell
around the complex. The system’s neutrality was maintained by
appropriately placing sodium (Na+) and chloride (Cl−) ions.
Furthermore, the ionic strength of the solution was adjusted to
mirror physiological conditions by setting the salt (NaCl)
concentration to 0.15 M.
Molecular Dynamics Simulations. All simulations

commenced with a two-stage minimization process. Initially,
the entire protein−glycan complex structure was fixed by
applying harmonic restraints of 50 kcal/(mol·Å2) on all atoms.
This was followed by an unrestrained minimization of the entire
system to remove any residual structural strains. After
minimization, the system underwent a two-stage equilibration.
In the first stage, the system’s temperature was incrementally
increased from 0 to 298K over 2 ns ofMDwith a time step of 2 fs
in the NVT ensemble. During the heating stage, a harmonic
restraint of 50 kcal/(mol·Å2) was maintained on the entire
complex structure. The final equilibration stage involved
maintaining the system at a constant temperature (298 K) and
pressure (1 bar) in the NPT ensemble for a duration of 50 ns.
Temperature control was achieved using the Langevin dynamics
algorithm with a collision frequency of 1.0 ps−1, while pressure
was regulated using theMonte Carlo barostat.52−54 Throughout
the equilibration phase, all hydrogen-containing bonds were
constrained using the SHAKE algorithm.55 Nonbonded
interactions were calculated using the particle mesh ewald
method with a cutoff distance of 10 Å. All MD simulations were
performed using GPU-accelerated implementation of
Amber22.56 The production MD run was conducted for a
duration of 1000 ns in two replicates, employing the isobaric−
isothermal (NPT) ensemble settings as detailed in the
equilibration section.
Alchemical Absolute Binding Free Energy (ABFE)

Calculation. In this study, we applied alchemical ABFE
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calculations using free energy perturbation to assess the accuracy
of binding affinity predictions across various water models. We
adapted a protocol originally proposed by Heinzelmann and
Gilson, modifying the BAT.py v2.2 source code specifically for
ABFE calculation in protein−glycan systems with specific force
fields.57 We evaluated how accurate ABFE calculations within
the protein−glycan complex are impacted by the five different
water models.
During the ABFE calculation, proper ligand restraints are

crucial for accurate binding affinity prediction in these
calculations. To prevent ligand displacement from the receptor
binding pocket, harmonic translational and rotational (TR)
restraints were applied to both protein and ligand atoms during
the perturbation process. These TR restraints comprise one
distance restraint, two angle restraints, and three dihedral
restraints.57−59 Additionally, conformational restraints were
imposed on both the receptor and ligand, following the
methodology described by Heinzelmann and Gilson.57

Prior to the free energy calculation simulations, the systems
were equilibrated using similar procedures to those outlined in
the MD Simulations section. The equilibrated complex
structures were then utilized in simulations for ABFE
calculations. This involved 12 λ windows (0.00922, 0.04794,
0.11505, 0.20634, 0.31608, 0.43738, 0.56262, 0.68392, 0.79366,
0.88495, 0.95206, 0.99078) based on a Gaussian quadrature
distribution for decoupling/recoupling ligand Lennard-Jones
(ΔGLJ) and charge interactions (ΔGelec).57,60 The contributions
of various restraints to the binding free energy, including the
attachment of conformational restraints to protein (ΔGp,att),
ligand (ΔGl,att), and the TR restraints (ΔGl,TR,att), and the
release of conformational restraints for the protein (ΔGp,rel),
ligand (ΔGl,rel), and the TR restraints (ΔGl,TR,rel), were
computed across 16 windows based on the protocol by
Heinzelmann and Gilson.57 The ABFE is thus represented as
below

G G G G G

G G G G

bind
0

elec LJ p,att l,att

l,TR,att l,rel p,rel l,TR,rel

= + + +

+ + + +

For each perturbation window, the systemwas heated from 50
to 298 K over 50 ps and subsequently equilibrated for 70 ps.
Data for the binding free energy calculation was gathered over a
10 ns production run. In total, 1280 ns of simulation time was
collected for the calculation in each system. The free energy
changes were estimated using the multistate Bennett-acceptance
ratio.61 All alchemical ABFE calculations were carried out using
GPU-accelerated implementation of Amber22.56 The ABFE
values are corrected to the standard state.57 To ensure the
robustness of the results, three replicates were conducted for
each system to determine the final binding free energy.
Statistical metrics, includingmean unsigned error (MUE) and

root-mean-square-error (RMSE), are calculated to measure the
difference between simulated ABFE values and experimental
binding affinities and to further evaluate the performance of
ABFE in different water models.
Structural Analysis Methods. Root mean square deviation

(RMSD) was calculated based on the coordinates of the
protein−glycan’s non-hydrogen atoms for eachmodel across the
entire simulation trajectory, using the pre-equilibrated, exper-
imentally solved crystal complex structure as the reference. The
rmsd’s coefficient of variation (CV) is calculated using the
equation below

CV =

where σ is the standard deviation of RMSD and μ is the mean
value of RMSD. Additionally, root mean square fluctuation
(RMSF) was determined based on the coordinates of the
protein−glycan’s non-hydrogen atoms. Hydrogen bond analysis
was conducted using the CPPTRAJ program, using a default
angle cutoff of 135° and a distance cutoff of 3 Å.62 Regarding the
glycosidic torsion angles, we specifically focused on the Phi and
Psi angles, defined respectively as O5−C1−O4−C4 and C1−
O4−C4−C5. These torsion angles were also computed using
the CPPTRAJ program.62 Visual molecular dynamics and
Schrodinger-Maestro (2023−2) were used to visualize the
snapshots of the simulation.63,64 All analyses are the average over
the two replicates of the microsecond MD simulations.
Density Functional Theory Calculations. We analyzed

the conformations of the most populated glycosidic torsion
angles in the glycan components of systems 1I82, 2GGU, and
2NN8. These conformations were then subjected to single-point
energy calculations to quantify their stability in the bound state.
Tables 2, 3, and S7 detail the most populated glycosidic torsion

angles for these systems, as observed across different water
models. For the single-point energy calculations, we used the
B3LYP-D3/6-311++G** level of theory, which considers
additional dispersion correction terms. All density functional
theory (DFT) calculations were performed using the Jaguar.65

■ RESULTS AND DISCUSSION
Structural Dynamics of the Systems. To assess the

structural fluctuation of the six distinct protein−glycan
complexes, as shown in Table 1, we conducted RMSD analysis
and the corresponding CV under five different water models
(Figure 1). Among these, the complexes 1I82, 1I8A, and 2NN8
are stable across all water models, as shown in Figure 1a,b,f. The
stability is evidenced by minimal fluctuations in their RMSD
curves and small CVs in different water models.
In contrast, certain complexes exhibited more significant

fluctuations under specific water models. For example, the
2AAC complex showed larger variability when simulated with
the TIP4P-Ewald water model, yielding an average RMSD and
corresponding CV of 2.10 Å and 9.39%, as shown in Figure 1c.
For the rest of the water models, the average RMSDs are 1.94 Å
for TIP3P, 2.19 Å for OPC, 1.89 Å for SPC/E, and 1.89 Å for
TIP3P-FB. Their corresponding CVs are 6.18%, 6.49%, 5.74%,
and 5.68%. Similarly, the 2ARC complex experienced greater
fluctuations under the TIP3P water model, with an average
RMSD of 3.13 Å and CV of 17.85%, as shown in Figure 1d. For
the remaining water models, the average RMSDs are 2.12, 2.03,
1.98, and 2.00 Å for OPC, SPC/E, TIP3P-FB, and TIP4P-

Table 2. Single Point Energy of DGlcpb1-4DGlcpb1-OH at
Bound State in 1I82 Complex at the Phi Mode and Psi Mode
Conformation in Different Water Models

Water model

Phi
mode
(deg)

Psi mode
(deg)

Single point
energy
(hartrees)

Relative energy
(kcal/mol)

TIP3P −82.34 −155.14 −1298.375078 0.000
OPC −82.70 −148.29 −1298.379260 −2.624
SPC/E −84.14 −151.89 −1298.378725 −2.289
TIP3P-FB −82.70 −151.89 −1298.377308 −1.399
TIP4P-Ewald −82.34 −150.45 −1298.377798 −1.707
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Ewald, respectively, and their corresponding CVs are 6.20%,
8.12%, 6.68%, and 8.74%. The significant RMSD fluctuation
observed with TIP3P is attributed to glycan unbinding in one of
the replicate MD simulations for the 2ARC complex. The
2GGU complex under the TIP3P water model achieved large
fluctuation, with an average RMSD of 2.56 Å and CV of 18.28%,
as shown in Figure 1e. In the other water models, the average
RMSDs are 2.05, 2.22, 2.21, and 2.05 Å for OPC, SPC/E,
TIP3P-FB, and TIP4P-Ewald. Their corresponding CVs are
11.72%, 16.45%, 12.10%, and 12.94%. These results suggest that
the choice of water model can impact the dynamic behavior of
protein−glycan complexes.
Root-mean-square fluctuation (RMSF) analysis was per-

formed to evaluate each residue’s fluctuation on six protein−
glycan complex models across five water models (Figure S2).
Complexes 1I82, 1I8A, 2AAC, and 2NN8 demonstrated
consistent RMSF curves in all water models, indicating stable
residue fluctuations. In contrast, the 2ARC complex showed
significant fluctuations in the terminal residues, specifically in
the TIP3P water model. The residues from the terminal region
(residues 7 to 18) are key components of the binding pockets,
suggesting their fluctuations could influence glycan binding.
Notably, when the glycan unbound from the binding pocket in
the TIP3P water model, these residues experienced increased
fluctuation. However, the same protein, AraC, complexes with a
different monosaccharide in 2AAC, D-fucose, and exhibits stable
fluctuation in the terminal motif. We further investigated the
interaction between the identical protein, AraC, and two
monosaccharides in detail through hydrogen bond analysis.
Protein−Glycan Hydrogen Bond Information. To

better understand how the water models influence the
interaction between the protein and the glycan, we conducted
a comprehensive comparison of hydrogen bond interactions
within each of the six protein−glycan complexes across five
water models. Details of hydrogen bonds between protein and
glycan in various water models are provided in Tables S1−S6.
In the complexes 2AAC and 2ARC, the identical protein,

AraC, interacts with two distinct monosaccharides, D-fucose and
L-arabinose, respectively. We found that the hydrogen bonds
involving THR24, ARG38, TYR82, and HIS93 are consistent in
both monosaccharides. Notably, significant variations in the
hydrogen bonding interactions between PRO8 and the two
monosaccharides were observed. Specifically, the average
PRO8-Fucose hydrogen bond fraction in the 2AAC complex
is 0.792 ± 0.055 across all water models, exhibiting minimal
variation. In contrast, within the 2ARC complex, the PRO8-
Arabinose average hydrogen bond fraction significantly
decreases to 0.105 ± 0.146 in all water models. PRO8 is
situated in the terminal region of the protein and involved in its
binding pocket, which explains the high RMSF region (residues
7 to 18) in the 2ARC complex model, as shown in Figure 2d.

In contrast, the remaining complexes (1I82, 1I8A, 2GGU, and
2NN8) exhibited similar hydrogen bond details across different
water models. The 1I82 complex maintained an average
hydrogen bond number of 3.50 ± 0.075, with consistent bond
types. The 1I8A complex showed a similar pattern with an
average of 3.158± 0.156 hydrogen bonds. The 2GGU complex’s
average was around 2.948 ± 0.247, and the 2NN8 complex
presented an average of 4.79 ± 0.0430 hydrogen bonds under
different water models.
BindingMotif Stability. As indicated by hydrogen bonding

information and RMSF curves in the previous sections,
significant fluctuations were observed in the binding motif
(residues 7 to 18) of the 2ARC complex models across different
water models. We calculated the RMSD of the motif region in
each water model to further understand how water models
influence the binding motif’s conformation.
In the 2ARC complex, the binding motif experienced different

structural stability depending on the water model. The OPC,
SPC/E, TIP3P-FB, and TIP4P-Ewald models exhibited high
structural stability in the region, as evidenced by the average
RMSD values: 2.94± 0.59, 2.67± 0.49, 2.46± 0.44, and 2.83±
0.53 Å respectively, shown in Figure 2a. Conversely, the TIP3P
models presented obvious structural fluctuations within the
binding motif, with average RMSD values recorded at 4.75 ±
1.05 Å. This observation of increased structural variability is
further corroborated by the spatial dispersion of motif
superpositions, as illustrated in Figure 2b. These findings
collectively underscore the pivotal role of water model selection
in modulating the conformational stability of terminal residues,
particularly within the vicinity of binding pockets, thereby
influencing the overall MD and interaction patterns within the
complex.
By contrast, for the 2AAC complex, the RMSD analysis

revealed no significant fluctuation within the binding motif
when simulated in the five water models, yielding an average
RMSD of 1.98± 0.28, 2.05± 0.27, 1.76± 0.30, 1.76± 0.27, and
1.90 ± 0.28 Å, respectively, as shown in Figure 3a. The spatial
superpositions of the binding motif maintain a state of relative
stability, with minimal fluctuations observed in the five water
models, as illustrated in Figure 3.
From the comparative analysis of these two highly similar

complexes, it seems that the sensitivity to the choice of water
model may depend on the strength of protein−glycan hydrogen
bonds. The 2ARC complex, where PRO8 of the binding motif
forms a weaker hydrogen bond than the 2AAC complex,
exhibited water model-dependent dynamics. We hence
speculate that the water model has more impact on protein−
glycan interactions when the binding motif forms fewer
hydrogen bonds with the glycan.
Glycan Conformation Stability in the Bound State. In

addition to proteins’ conformation analysis, we also performed
the DFT calculations to evaluate the conformational stability of

Table 3. Single Point Energy of DGlcpa1-4DGlcpa1-4DGlcpb1-OH at Bound State in 2GGU Complex at the Phi Mode and Psi
Mode Conformation in Different Water Models

Water model Group 1 Group 2 Single point energy (hartrees) Relative energy (kcal/mol)

Phi mode (deg) Psi mode (deg) Phi mode (deg) Psi mode (deg)

TIP3P 95.68 −133.51 90.63 −142.16 −1909.253062 0.000
OPC 92.79 −133.15 91.71 −142.16 −1909.254107 −0.656
SPC/E 100.36 −132.07 94.23 −139.28 −1909.253970 −0.570
TIP3P-FB 99.64 −130.63 94.59 −138.92 −1909.253550 −0.306
TIP4P-Ewald 96.04 −132.07 95.68 −138.92 −1909.260350 −4.573
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glycans in the bound state. We previously established a
quantified correlation between the bound-state conformation

of glycans and the conformational stability.23 Here, we
investigate glycan conformation stability in complex models,

Figure 1. RMSD and corresponding CV of (a) 1I82, (b) 1I8A, (c) 2AAC, (d) 2ARC, (e) 2GGU, and (f) 2NN8 with different water models (black for
TIP3P, green for OPC, red for SPC/E, blue for TIP3P-FB, and magenta for TIP4P-Ewald).
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including DGlcpb1−4DGlcpb1-OH in 1I82, DGlcpa1−
4DGlcpa1−4DGlcpb1-OH in 2GGU, and DGalpb1−
4DGlcpb1-OH in 2NN8. These analyses were conducted
using the most populated glycosidic torsion angles to represent
glycan conformation as in our previous study. The glycans in the
rest of the complexes (1I8A, 2AAC, and 2ARC) are simple
monosaccharides and are excluded from the glycan conforma-
tion stability analysis.
For the 1I82 complex, the glycosidic torsion angle

distributions for DGlcpb1−4DGlcpb1-OH are shown in Figure
4. Here, the Phi torsion angles across all five water models
exhibit minimal variance, generally within 1 degree of each
other. However, there is a significant difference in the Psi angle
within the OPC water model (−148.29°) compared to other
water models (∼−153°). To further assess the stability of these
conformations, DFT was utilized to calculate the single-point
energies of the predominant glycan conformations for each
water model, as outlined in Table 2. The more negative energy
value associated with the OPC model indicates higher stability
for the DGlcpb1−4DGlcpb1-OH conformation.

For the 2GGU complex, the trisaccharide DGlcpa1−
4DGlcpa1−4DGlcpb1-OH exhibited two sets of glycosidic
torsion angle distributions as shown in Figure 5. The first set
displayed minimal variation in Phi mode angles, with the
smallest value being 92.79°, as recorded in theOPCwater model
(Figure 5b). The Phi modal angles and Psi angles of the second
set demonstrated proximity across the five water models (Figure
5c). Furthermore, the similar single-point energy at the bound
conformations of DGlcpa1−4DGlcpa1−4DGlcpb1-OH in
TIP3P, SPC/E, and TIP3P-FB water models indicated a
comparable level of stability, as shown in Table 3. In contrast,
the trisaccharide bound conformation stability in OPC and
TIP4P-Ewald water models exhibited more negative single-
point energy, suggesting more favorable bound conformations
in OPC and TIP4P-Ewald water models.
In the context of the 2NN8 complex, the glycosidic torsion

angle distributions corresponding to DGalpb1−4DGlcpb1-OH
maintained a high degree of congruence, with Phi and Psi modal
angles differing by less than 1°, as illustrated in Figure S3. This
alignment was further corroborated by the similar single-point
energies in the corresponding bound conformations, which

Figure 2. (a) Average RMSD for every 100 ns simulations of the binding motif (residues 7 to 18) in 2ARC in different water models. The shaded
regions represent the standard deviation of the mean RMSD values. Superposition of the binding motif (highlighted in blue) in MD conformations of
2ARC in (b) TIP3P water model, (c) OPC water model, (d) SPC/E water model, (e) TIP3P-FB, and (f) TIP4P-Ewald water model, respectively.
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indicated uniform conformational stability, as shown in Table
S7.
Alchemical ABFE. The findings in previous sections have

dissected individual factors that influence protein−glycan
binding affinity. While this dissection is critical, it is the holistic
integration of these factors that provides a comprehensive
understanding of the interaction dynamics. Alchemical ABFE
calculations are pivotal in this integration, offering a
quantitatively precise method that considers all contributing
elements, including the often critical roles of solvent dynamics
and protein conformational flexibility.60,66,67 The alchemical
ABFE is crucial for revealing glycan binding specificity, which is
essential in understanding the molecular mechanisms of host−
pathogen interaction.23,68,69 We hypothesize that the precision
of ABFE estimations is influenced by the choice of water model,
especially in the protein−glycan complex system. Hence, we
evaluated the accuracy of the five different water models in
alchemical ABFE calculation in six protein−glycan complexes.
Table 4 shows the metrics of ABFE results for different water

models. Alchemical binding free energy calculations are

categorized into relative and absolute types.60,66 Relative
binding free energy focuses on the impact of functional group
substitutions on a ligand’s binding affinity, emphasizing
comparative efficacy. It is more commonly used in comparing
the binding affinities between two similar molecules. However,
for ABFE calculations, like those in this study, accuracy against
experimental values is crucial. Here, the MUE and RMSE are
superior metrics compared to the correlation coefficient, as they
directly reflect the precision of computational predictions
against experimental data.
In the evaluation of five water models, the OPC water model

demonstrates the highest accuracy, achieving both the lowest
MUE of 1.57 kcal/mol and the lowest RMSE of 1.85 kcal/mol.
Figure 6 illustrates this comparison between experimental and
computationally calculated binding free energies, and the
corresponding values are listed in Table S8. The ABFE results
obtained using the OPC water model exhibit remarkable
precision, with almost all deviations falling within the margin
of error of 1 kcal/mol. In contrast, the widely used water model,
TIP3P, demonstrates comparatively lower precision, with an

Figure 3. (a) Average RMSD for every 100 ns simulations of the binding motif (residues 7 to 18) in 2AAC in different water models. The shaded
regions represent the standard deviation of the mean RMSD values. Superposition of the binding motif (highlighted in blue) in MD conformations of
2AAC in (b) TIP3P water model, (c) OPC water model, (d) SPC/E water model, (e) TIP3P-FB, and (f) TIP4P-Ewald water model, respectively.
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MUE of 3.52 kcal/mol and the highest RMSE among the
evaluated water models, recorded at 4.17 kcal/mol. This
elevated RMSE is largely influenced by a significant outlier
observed for the 1I82 protein−glycan system. An analysis of
single-point energy calculations for the glycan in its bound state
across different water models (see Table 2) reveals that TIP3P
yields the highest energy (−1298.375078 hartree), indicating
that the glycan is least stable in this model. In comparison, the
OPC model provides a more stable energy (−1298.379260
hartree), making the glycan approximately 2.624 kcal/mol more
stable than in TIP3P. These small yet significant energy
differences at the molecular scale likely contribute to the
anomalously high ABFE observed with TIP3P for 1I82.
Additionally, the backbone dihedral angles Phi and Psi for
TIP3P (−82.34 and −155.14°, respectively) differ notably from
those in other models, particularly in the Psi angle, which may
further influence the binding free energy calculations.
Regarding the other water models, the performance metrics

are as follows: the SPC/E model exhibits a MUE of 3.02 kcal/
mol and an RMSE of 3.53 kcal/mol, the TIP3P-FBmodel shows
aMUE of 3.41 kcal/mol and an RMSE of 3.83 kcal/mol, and the
TIP4P-Ewald model presents a MUE of 2.42 kcal/mol and an
RMSE of 3.05 kcal/mol. When considering the RMSE metric as
a standard for evaluating the accuracy of water models in ABFE
calculations, the ranking from most to least accurate is as
follows: OPC, TIP4P-Ewald, SPC/E, TIP3P-FB, and TIP3P. It
is worth noting that this study focuses on the protein−glycan
system, concluding that TIP3P has lower accuracy for ABFE
predictions in this context. However, TIP3Pmay performwell in
other systems, such as small molecules without standard force

fields,70 so our conclusions are specific to protein−glycan
systems.
We conducted additional analysis focusing on a crucial

component of the ABFE cycle, the ligand decoupling in bulk in
different water models. This analysis provided a more direct
evaluation of the performance of different water models. As
illustrated in Figure S4, the OPC water model consistently
produces less negative free energy values compared to TIP3P,
SPC/E, TIP3P-FB, and TIP4P-Ewald. These findings are
consistent with previous research, which has demonstrated
that the OPC model predicts bulk water properties more
accurately than other water models.27 Accurate prediction of
bulk water properties is critical as it affects the accuracy of the
decoupling free energy of glycans in bulk water. The more
negative decoupling free energies in bulk water for the other
water models lead to overestimated ABFE values. Additionally,
the OPC model has been shown to provide a more accurate
prediction of solvation free energy for small molecules, reflecting
its superior capability in representing solute−water interac-
tions.27,71

Which Water Model to Use? Previous studies, especially
those focused on solvent benchmarking, have greatly enhanced
our understanding of how water models influence the energetics
and structural properties of biomolecular systems such as
glycosaminoglycans and other polymers. It was shown that the
choice of water model can profoundly impact the structural and
energetic properties of glycosaminoglycans.72,73 Explicit water
models like TIP3P, TIP4P, and OPC have shown superior
ability to capture detailed interactions of protein−glycosami-
noglycan complexes. Conversely, implicit water models often
produce less fluctuation and may overestimate binding energies

Figure 4.Glycosidic torsion angles (Phi and Psi) distribution of DGlcpb1−4DGlcpb1-OH in 1I82 complex. (a) Illustration of structure of DGlcpb1−
4DGlcpb1-OH. Glycosidic torsion angles are defined as Phi = O5−C1−O4−C4 and Psi = C1−O4−C4−C5. (b) The probability density distribution
curves of the glycosidic torsion angles in different water models (black for TIP3P, green for OPC, red for SPC/E, blue for TIP3P-FB, and magenta for
TIP4P-Ewald).
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and non-native contacts, underscoring their limitations in
accurately representing solvent effects. Notably, the commonly
used TIP3P water model failed to produce proper structural
conformations of the specific glycosaminoglycan, exhibiting
unique behavior in longer simulations. Another study on the
thermosensitivity of poly(N-isopropylacrylamide) (PNIPAM),
reveals that water models can induce substantial shifts in

transition temperatures and alter polymer−solvent interac-
tions.74 These factors are crucial for understanding phase
behavior and structural transitions. They found that SPC and
TIP3P water models can lead to significant deviations due to
their less accurate bulk solvent descriptions. These insights
emphasize the necessity of careful selection of water models in
MD simulations to ensure accurate representation of molecular
behavior.
The OPC water model represents one of the latest

advancements in the simulation of aqueous environments.27

First integrated into the AMBER environment, the OPC water
model has demonstrated significant efficacy, particularly when
combined with the latest AMBER protein force field, ff19SB.27,42

Our study corroborates these findings, illustrating that the
combination of OPC, ff19SB, and GLYCAM06j can precisely
predict protein−glycan interactions, both in dynamic behaviors
and alchemical binding free energy calculations.

Figure 5.Glycosidic torsion angles (Phi and Psi) distribution of DGlcpa1−4DGlcpa1−4DGlcpb1-OH in 2GGU complex. (a) Illustration of structure
of DGlcpa1−4DGlcpa1−4DGlcpb1-OH. Glycosidic torsion angles are defined as Phi = O5−C1−O4−C4 and Psi = C1−O4−C4−C5. The
probability density distribution curves of the glycosidic torsion angles (b) group 1 and (c) group 2 in different water models (black for TIP3P, green for
OPC, red for SPC/E, blue for TIP3P-FB, and magenta for TIP4P-Ewald).

Table 4. Statistics of Alchemical ABFE Results for Different
Water Models

Water model MUE (kcal/mol) RMSE (kcal/mol)

TIP3P 3.52 4.17
OPC 1.57 1.85
SPC/E 3.02 3.53
TIP3P-FB 3.41 3.83
TIP4P-Ewald 2.42 3.05
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The widespread utilization of the TIP3P water model in
biomolecular simulations is largely due to its compatibility
across a variety of force fields and its computational efficiency.
While the TIP3P water model can adequately simulate dynamic
behaviors of common protein systems at physiological temper-
atures (approximately 310 K), it struggles to accurately
represent the properties of more complex systems, such as
lipid monolayers.27,75 Previous studies indicate that, in
comparison, the OPC water model provides a more precise
simulation of lipid monomer behaviors.75 This distinction
underscores the critical need for careful selection of water
models in simulations for specific systems, where the choice of
model can significantly impact the accuracy of the results.

Further, in protein−ligand complexes featuring flexible
binding motifs, the TIP3P model may induce anomalous
fluctuations and potentially affect ligand binding. Other water
models, when combined with suitable force fields, demonstrate
commendable performance. For example, the combination of
the SPC/E water model and the OPLS force field yields accurate
results, especially in simulations involving small drug mole-
cules.76,77

■ CONCLUSION
In this study, we thoroughly investigated protein−glycan
interactions in various water models, yielding critical insights
into the effectiveness of these models for simulating such

Figure 6. Comparison of calculated alchemical absolute binding free energies versus experimentally measured values in different water models as
shown in panels (a−e) for TIP3P, OPC, SPC/E, TIP3P-FB, and TIP4P-Ewald, respectively. The calculations were performed for six protein−glycan
complexes with PDB IDs: 1I82, 1I8A, 2AAC, 2ARC, 2GGU, and 2NN8. The corresponding glycans are DGlcpβ1−4DGlcpβ1-OH, DGlcpβ1-OH,
DFucpβ1-OH, LArapα1-OH, DGlcpα1−4DGlcpα1−4DGlcpβ1-OH, and DGalpβ1−4DGlcpβ1-OH. The detailed ABFE values for each data point
are listed in Table S8. The solid line indicates y = x, while the dashed lines correspond to y = x ± 1 kcal/mol.
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interactions. Our findings, focusing on overall structural
stability, reveal that certain protein−glycan complexes maintain
remarkable stability across all water models while others display
notable fluctuations under specific conditions. Furthermore, our
study demonstrates that when the residues from the binding
motif form weak hydrogen bonds with the glycan, the choice of
water model can significantly affect the conformation stability to
further influence the binding with the glycan. The investigation
into hydrogen bond dynamics within these complexes further
elucidates how different water models can alter hydrogen bond
patterns, thereby affecting the stability and behavior of these
complexes. Additionally, our study delves into the conforma-
tional stability of binding motifs and the conformational stability
of glycans in the bound state. These analyses reveal that the
choice of water model profoundly impacts the stability of these
flexible binding motifs and the glycan conformational stability.
These findings are vital for understanding the structural
dynamics of protein−glycan complexes.
The investigation of alchemical ABFE calculations revealed

that the OPC water model outperformed others, demonstrating
the highest accuracy, making it a reliable choice for such
calculations. In contrast, the widely used TIP3P water model
exhibited a higher RMSE, signifying its inadequacy in alchemical
binding free energy calculations. These findings emphasize the
significant disparities in the predictive capabilities of water
models regarding binding free energies, with the hierarchy of
accuracy ranking them from most to least effective as OPC,
TIP4P-Ewald, SPC/E, TIP3P-FB, and TIP3P. We thus
emphasize the importance of water models in alchemical
binding free energy calculation, especially for the protein−
glycan system.
In summary, this study not only enhances our understanding

of protein−glycan interactions but also establishes a compre-
hensive guideline for selecting the most suitable water models in
computational simulations. The insights gained hold significant
potential for advancing our knowledge of protein−glycan
interaction mechanisms and binding specificity through full
atomistic modeling. These findings could significantly contrib-
ute to the development of new therapeutic strategies targeting
protein−glycan interactions, paving the way for more effective
and targeted treatments in drug design.
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