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Abstract
Water is often found to mediate interactions between a ligand and a protein. It can play a significant role in orientating the ligand within a binding pocket and contribute to the free energy
of binding. It would thus be extremely useful to be able to accurately predict the position and
orientation of water molecules within a binding pocket. Recently, we developed the WaterDock protocol that was able to predict 97% of the water molecules in a test set. However,
this approach generated false positives at a rate of over 20% in most cases and whilst this
might be acceptable for some applications, in high throughput scenarios this is not desirable.
Here we tackle this problem via the inclusion of knowledge regarding the solvation structure
of ligand functional groups. We call this new protocol WaterDock2 and demonstrate that this
protocol maintains a similar true positive rate to the original implementation but is capable of
reducing the false-positive rate by over 50%. To improve the usability of the method, we
have also developed a plugin for the popular graphics program PyMOL. The plugin also contains an implementation of the original WaterDock.
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Introduction
Protein-ligand interactions are fundamental to many cellular processes and understanding
them is crucial for adopting a rationalized approach to drug-design. Water molecules, with
their ability to form multiple bridging hydrogen bonds, have been identified as a key structural
factor in mediating these interactions [1–8]. In cases such as the L-arabinose binding protein,
the water molecules are a pharmacophoric feature of the binding site and allow discrimination
between ligands [9]. Conversely, in other cases—like the oligopeptide binding protein (OppA)
—water molecules promote promiscuity by acting as flexible adapters, facilitating a range of
ligands to bind [10]. Water mediated interactions are so ubiquitous that a comprehensive analysis of 392 high-resolution crystal structures found 85% of the protein-ligand interfaces having
at-least one ‘bridging’ water molecule [11].
With their importance and prevalence, water is increasingly being included in a variety of
computational binding studies [12–19]. In quantitative structure-activity relationship (QSAR)
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modelling, Hussain et al. [20] found that the incorporation of explicit water molecules in the
binding-site of actin enabled improved accuracy for ligands with the formamide moiety. Similarly, Taha et al. [21] incorporated water molecules in their 3D contact analysis search for
inhibitors of candida N-myristoyl transferase (NMT) and glycogen phosphorylase (GP). A
number of groups have also used crystallographic water molecules in molecular docking
screens. Huang et al. [22] used explicit water sites in 24 proteins to improve their docking
enrichment factors and reduce false positives. Verdonk et al. [23] also used crystallographic
waters to improve docking performance by up to 20%. The use of water molecules in docking
studies has become so ubiquitous that programs like AutoDock4 [24], Gold [23], Rosetta [25],
Glide [26] and FlexX [27] all offer options to include explicit waters.
However, utilising water molecules in binding studies first necessitates an accurate knowledge of their locations. Water positions are typically obtained from high-resolution crystallographic structures. However, in many instances, the protein structure is often obtained via
methods such as NMR or homology modelling that do not provide this information. For such
cases, peaks in water density derived from Molecular Dynamics (MD) or Monte-Carlo (MC)
simulations with explicit water can suggest likely water positions [28]. However, the method
can have long convergence timescales (up to hundreds of microseconds) for buried binding
sites due to the time it takes for explicit water molecules to permeate within the protein [29].
Moreover, the use of water molecules in large-scale molecular screening requires an expeditious prediction of their locations. Hence, various ‘fast-solvation’ methods have been developed to swiftly estimate the locations of water within protein structures [30–37].
WaterDock [38] is one such algorithm that uses the freely available AutoDock Vina [39]
tool to predict the water locations within the binding pocket. Water molecules are initially
treated as ligands and are docked thrice into a binding site of the protein. With AutoDock
Vina able to predict up to 20 configurations per run, the initial docking results in a maximum
of 60 probable water co-ordinates. A Vina score cut-off of  − 0.6 kcal/mol is then applied to
the co-ordinates to remove water-sites that are energetically unfavourable. The ensemble of
water co-ordinates is then sequentially clustered twice using the single linkage method with
distance cut-offs of 0.5 Å and 1.6 Å. WaterDock was able to predict 88% of the water-sites in a
dataset of seven high-resolution crystal structures. When validated against a set of 14 OppA
crystal structures used by the AcquaAlta method [40], WaterDock could predict 97% of the
water-sites.
However, in tests against consensus water-sites from seven crystal structures, WaterDock
had a false-positive rate of 24% [38]. In the OppA dataset, the false positive rate was on average
1–2 waters per structure. Whilst this rate of false-positive prediction may be tolerable for some
applications, it may pose problems for large-scale automated workflows. Therefore, we were
keen to see if this aspect of the WaterDock method could be improved. Recent work on the solvation structure of small molecules has indicated a correlation between their hydration shells
and the location of mediating waters in holo-structures [41,42]. In this work, we show how
information from hydration shells can be combined with the WaterDock protocol to give an
improved false-positive hit rate and incorporate the entire workflow in to an easy to use
PyMOL [43] plugin.

Methods
Overview of the WaterDock 2.0 pipeline
The pipeline of WaterDock 2.0 for identifying bridging water molecules in holo structures is
outlined in Fig 1. In the original WaterDock protocol, the position of the waters within the
structure were predicted without consideration of the hydration and hydrogen bonding
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Fig 1. Schematic illustration of the WaterDock 2.0 bridging water prediction pipeline.
doi:10.1371/journal.pone.0172743.g001

capability of the ligand. To address this we analysed the solvation behaviour of small molecules
from MD simulations.
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Functional groups of the ligand are first identified and their hydration structures are generated semi-empirically as detailed below. Sites within this hydration structure with ‘favourable’
protein-water interactions are then identified using AutoDock Vina. To do this, a water molecule is iteratively docked onto the protein with a small box-size of 0.5 Å centred on coordinates
from the ligand hydration shell. From AutoDock Vina version > 1.0.2, the algorithm is
adjusted to not exclude results whose hydrogen atoms are outside the search space. Thus, the
small box size allows the usage of Vina’s docking function to score the site’s water-protein
interaction by preventing its lateral displacement. The ‘num_modes’ option of Vina that controls the number of output configurations was set to 1 to allow generation of only the most
favourable configuration. Additionally, the small box size allows the ‘exhaustiveness’ option to
be set to 5 (compared to 20 in the original protocol).
Subsequently, and as described for the original WaterDock, unfavourable water-sites with a
Vina score more positive than an empirically calculated cut-off (in this case -0.55 kcal/mol) are
discarded.
Our strategy to reduce the number of false-positive results is to employ a hydrogen bond
saturation limit. Essentially, this dictates the maximum number of bridging water-sites from
the hydration shell of each functional group. Thus, if more than the stipulated number of
water-sites from a motif’s hydration shell are predicted to have favourable Vina scores, only
the highest scoring ones among them are selected. The saturation limits were selected based
on the number of valence shell electron pair repulsion (VSEPR) lone pairs or bound hydrogens
in the oxygen/nitrogen atoms. Table 1 lists the functional groups implemented in WaterDock
2.0 and the corresponding H-bond saturation limit. Finally, water-sites where the centres of
the waters are within 1.8 Å of each other are clustered to avoid the problem whereby hydration
sites subtended by multiple ligand functional groups are predicted as multiple bridging waters.

Identifying functional group hydration
Dataset. To semi-empirically generate the hydration shells of ligands, the individual
hydration of functional groups was first calculated from Molecular Dynamics (MD) simulations of ligands from the CSAR-2012 dataset [44]. The Community Structure-Activity
Resource (CSAR) is a regularly compiled dataset of crystal structures aimed to provide benchmarks for the development of scoring functions and docking algorithms. The first set of the
2012 database contains 242 high-resolution crystallographic structures with no regions of
ambiguously resolved ligand electron density. With the inherent inaccuracies associated with
Table 1. The H-bond saturation limit enforced on the various functional groups implemented in the
WaterDock 2.0 pipeline.
Motif

H-bond Limit

Carbonyl

2

Carboxyl

2

Cyano

1

Imine

1

Nitro

2

Amine

No. of H

Sulfonyl

2

Phosphoryl

2

Hydroxyl

3

Ether

2

Halogen

1

doi:10.1371/journal.pone.0172743.t001
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the identifying water molecules from crystallography, the dataset has limited use in the development of prediction algorithms. However, the structural accuracy and the large number of
molecules in the dataset make it ideal for compiling the hydration of specific functional groups
across a range of chemical environments.
Methodology. Ligand structures were visually inspected for their correct protonation
states before parameterisation according to the General Amber Force Field (GAFF) [45] using
Antechamber [46] and Amber 14 [47]. The partial charges were calculated according to the
AM1-BCC method [48,49] and the parameters were converted to GROMACS format using
the acpype script [50]. The ligands were then solvated in a TIP3P rectangular box of water with
a minimum distance of 14 Å from each edge and neutralised by the addition of Na+/Cl− ions
as parameterised by Joung et al. [51]. GROMACS 5.0.2 [52] was used to simulate all boxes for
30 ns each with a time-step of 2 fs. The temperature was maintained at 300 K and the pressure
at 1 bar using the V-rescale thermostat and the Parrinello-Rahman barostat [53] respectively.
Co-ordinates were saved every 0.6 ps resulting in 50000 trajectory frames. During the course
of the simulation, the conformation of the ligands were maintained using positional restraints
of 100 kJ/mol nm2 on all non-hydrogen ligand atoms.
The hydration shells of ligands were discretised using the Quality Threshold (QT) algorithm [54] similar to the methodology of WATSite [55] and Placevent [56]. First, a 3-D grid
with a spacing of 0.25 Å and extending up to 4 Å from all heavy atoms was placed over the
ligand. Subsequently, the residence of the oxygen atom of water in each grid-point was tabulated across all frames of the trajectory. This tabulated grid is then histogrammed to provide a
3-D occupancy density matrix. Finally, the QT algorithm is used to discretise the histogram
with a minimum distance of 2 Å between clusters.
For each ligand, discretised hydration sites were ‘assigned’ to the nearest functional group
and the ‘assigned’ hydration sites of each motif were then overlaid across all ligands of the
dataset. This allowed us to make a comprehensive picture of probable functional group hydration distribution across different atomic surroundings.

Training
Dataset. The Vina score cut-off for the prediction algorithm was calculated using the
Astex diverse dataset [57] of 85 holo structures. Compiled from the Protein Data Bank [58],
the ligands are structurally diverse and, more importantly, the resolved electron density
accounts for all parts of the ligand. While not all relevant bridging water molecules are resolved
within the dataset, studies by Hartshorn et al. [57] showed that the resolved waters are accurate
and capable of improving docking performance by up to 20%. Thus, this validation set was
chosen to find the energetic cut-off score that allows the prediction of the maximum number
of water-sites. However, with not all bridging waters resolved in the crystallographic structures, a fairly high false-positive rate was anticipated in this training set.
Methodology. Hydrogen atoms were added to the ligand structures of the Astex dataset
using the Reduce program [59] and their protonation states were visually verified. The polar
motifs of the molecule were then used to ‘model’ the hydration shell of the molecule as per the
results from the previously simulated CSAR-2012 dataset. The protein-water interactions for
each of the modelled hydration sites was scored using AutoDock Vina through iterative docking as described above. Finally, for each of the modelled water-sites, the distance to the nearest
crystallographic water was calculated and considered ‘conserved’ if the distance was less than
2.0 Å.
Validation. The co-ordinates of water molecules are notoriously difficult to accurately
estimate [60]. During the initial development of WaterDock [38], this was circumvented by
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overlaying multiple independently crystallised structures and only considering those sites
resolved at least twice. This overlaying allows the accounting for variations in crystallographic
conditions and errors during the refinement process [61]. A similar dataset was compiled to
validate this new WaterDock 2.0 workflow. Table 2 lists the details of the validation dataset
and the number of consensus water-sites in each case. The ligands in each structure were overlaid and the water-coordinates within 3.2 Å of both ligand and protein present in more than
one structure were considered as consensus sites. This may seem a generous cut-off, but we
wanted to be certain that all relevant waters were included. Additionally, to allow a direct comparison with the original WaterDock and AcquaAlta algorithms, the 14 OppA structures used
by both were also analysed.

Results and discussion
Functional group hydration
The total hydration structure calculated from MD around five polar functional groups (carbonyl, carboxyl, ether, phosphoryl and imine) are shown in Fig 2A–2E.
The orientations of water-sites around each group are further analysed as a distribution of
φ and θ - the angles made by the ligand atom—Owater vector with an imaginary X and Z axes
(see S1 Fig). Hydration sites around carbonyl oxygens are distributed in a uniform ‘oval’ shape
with θ ranging from 40˚ to 140˚ and φ ranging from 20˚ to 160˚. The distribution around carboxyl oxygens is also ‘oval’ albeit with a larger range of angles with θ spanning from 60˚ to 160˚
and φ spanning from 0˚ to 180˚. This increased range of binding might probably be attributed
to a combination of the larger solvent accessibility of carboxyl oxygens and the greater negative
charge on the oxygen atoms. Additionally, θ deviates from a mean value of 90˚ seen in carbonyl
oxygens to *110˚ probably due to hydration sites also interacting with the other oxygen atom
of the carboxylic motif. In phosphoryl oxygens, the distribution of hydration sites is similar to
that seen in carboxylic acids with a mean θ value again deviating from 90˚. This deviation might
probably be caused by a similar reason with phosphoryl oxygen atoms normally occurring as
pairs in ligand molecules. The hydration sites of both ether oxygen and imine nitrogen lie on a
plane normal to that of the motif with θ not deviating from *90˚.
Fig 2F–2J show the modelled hydration structures of the five functional groups that have
been fitted to the simulation results. The polar atom—Owater vector length was modelled with
Table 2. The dataset used to validate the ligand-directed Waterdock 2.0 algorithm.
Protein

PDB Codes

Ligand Code

Resolution (Å)

HIV-1

3FXS, 2ZYE

KNI-272

0.93, 1.9

Consensus Waters
8

GluR2

1FTMa, 1MY2a

AMPA

1.7, 1.8

18

Trypsin

2AH4, 3RJX

GBS

1.13, 1.7

8

GST

1K3Ya, 1K3La

GTX

1.3, 1.5

22

HSP90

2BRC, 2BT0a

CT5

1.6, 1.9

6

PIM1

1XWS, 2BIK

RBT205

1.8, 1.8

4

Bromodomain

3ZYUa, 4ALG

I-BET

1.5, 1.6

6

Androgen Receptor

4OHA, 2AX6

Hydroxyflutamide

1.42, 1.5

4

Casein Kinase II

3BQC, 3Q9W

Emodin

1.5, 1.7

4

Thrombin

4CH2a, 5LUW

0G6

1.6, 1.69

14

Carbonic Anhydrase

3HS4, 3V2M, 3DC3

Acetazolamide

1.1, 1.47, 1.7

3

a

—Structures where multiple chains were overlaid to validated waters.

doi:10.1371/journal.pone.0172743.t002
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Fig 2. The MD (A-E) and modelled (F-J) hydration structure of five polar functional groups. (A, F) carbonyl,
(B, G) carboxyl, (C, H) ether, (D, I) phosphoryl, (E, J) imine.
doi:10.1371/journal.pone.0172743.g002

a length 3.0 Å to match the experimental hydrogen bond length [62] and distinct water-sites
were modelled 2.0 Å apart. Fig 3 shows the location of water-sites derived from MD simulation around different primary, secondary and tertiary amines. In all cases, water-sites preferentially bind to the hydrogen atom. This preference for linearity in the N-H—Ow binding is
similar to those observed in Neutron Diffraction [63,64] and CSD mining studies [40]. Hence,
amine hydration sites are modelled along the direction of the N-H vector with a distance of 3
Å from the nitrogen atom.
Fig 4A shows the hydration structure of hydroxyl groups from simulation. Two distinct orientations of water are seen bound to the hydrogen and oxygen atoms. Therefore, the hydration
of the hydroxyl group is modelled as a combination of an ‘ether’ oxygen atom and an ‘amine’
hydrogen atom (see Fig 4B).

Fig 3. The location of water-sites around different amine groups as produced in MD.
doi:10.1371/journal.pone.0172743.g003

PLOS ONE | DOI:10.1371/journal.pone.0172743 February 24, 2017

8 / 17

WaterDock 2.0

Fig 4. (A) The distribution of hydration sites around the hydroxyl functional group from MD simulation. (B)
The modelled hydration structure of the hydroxyl functional group.
doi:10.1371/journal.pone.0172743.g004
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Of the 55 chloride functional groups in the dataset, none had a water-site distributed
around it in MD simulation. On the other hand, fluorine atoms were hydrated. However, with
only four F atoms in the dataset, an accurate hydration distribution could not be determined.
Similarly, insufficient ligands with ‘nitro’, ‘sulphonyl’ and ‘cyano’ functional groups were present in the dataset. The hydration of all four functional groups were thus modelled similar to
that of the most extensively hydrated motif—carboxyl oxygen Empirical knowledge of the
hydration of these functional groups can plausibly be gathered from the Cambridge Structural
Database [65,66] using SuperStar [67]. However, the high prediction accuracy of the current
modelling method (see below) did not necessitate the usage of proprietary software.

Establishing the Vina score cut-off
Modelling the hydration sites based on functional groups predicted 2045 water-sites around
the 85 ligands of the Astex diverse Set [57]. Fig 5 plots the results of the docking study on each

Fig 5. Scatter plot showing the water-site’s Vina docking score against the distance to the nearest crystallographic water on application of the
WaterDock 2.0 pipeline to the Astex Diverse Set. The 2.0 Å distance cut-off is plotted as a vertical dotted line and the Vina cut-off score of -0.55 kcal/mol is
plotted as a horizontal dotted line. The lower left quadrant thus signifies crystallographic waters molecules correctly identified within the training set.
doi:10.1371/journal.pone.0172743.g005
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of the 2045 semi-empirically generated water-sites. It shows a scatter plot of the site’s docking
Vina score against the distance to the nearest crystallographic water. The 2 Å distance cut-off
used in the original WaterDock protocol for discriminating ‘conserved’ and ‘displaced’ water
molecules is also plotted as a dotted vertical line. The Kendall rank correlation coefficient
between the Vina score and distance to a crystallographic water site was found to be 0.29 with
a p-value less than or equal to 2.2×10−16. Therefore, there is a weak, but very significant association between the Vina score and accuracy, such that ligand hydration sites with stronger
binding scores are more likely to be ‘conserved’ and vice-versa.
Using the statistical program R with the rpart package, a regression tree with a single split
was used to calculate a cut-off score with which to discard the most unfavorable possible water
locations. The cut-off that was most able to identify (using the Gini index) predictions that
were no greater than 2 Å from crystallographic water sites was found to be -0.55 kcal/mol
(shown as black horizontal line in Fig 5). Thus, all hydration sites with a Vina score more negative than -0.55 kcal/mol are retained for hydration bond saturation analysis and clustering.

Validation of the protocol
Table 3 lists the results of the WaterDock 2.0 pipeline on the validation dataset of holo structures. A water-site was considered correctly predicted if it was within 2.0 Å of both water molecules used to identify a consensus site. The protocol has an identical true positive rate to the
original WaterDock of 88%. However, the incorporation of ligand conformation and hydration reduced the false-positive rate from ~24% to ~8%. Even with this improvement it is still of
interest to investigate cases where the method struggles. Fig 6 shows the predicted and crystallographic water-sites from the two PIM-1 structures 1XWS and 2BIK. The crystallographic
waters from the two structures are shown in red/blue and the predicted waters are in green/
yellow. The false-positives in this structure are a result of a ‘chaining’ of predicted of waters
with two sites predicted either site of the same water molecule. Thus, despite the double-predictions inflating the number of false-positives, the results are still within hydrophilic regions
of the holo-structure.
Additionally, the new pipeline proposed here sacrifices AutoDock Vina’s search algorithm
for semi-empirically generated probable sites. This results in a slightly greater mean error of
1.24 Å compared to 0.83 Å in the original WaterDock protocol.
Table 4 lists the results of the OppA dataset used to validate the protocol and offer a further
comparison to WaterDock and AcquaAlta. AcquaAlta was validated using a cut-of distance of
Table 3. The results of the validation dataset of eleven protein holo-structures.
Protein

Consensus Waters

Total Predicted Waters

Predicted Consensus Waters

False-Positives

HIV-1

8

8

8

0

GluR2

18

18

18

0

Trypsin

8

5

5

0

GST

22

22

18

4

HSP90

6

7

6

1

PIM1

4

5

4

1

Bromodomain

6

6

6

0

Androgen Receptor

4

4

4

0

CK II

4

5

3

2

Thrombin

14

13

11

2

Carbonic Anhydrase

3

3

3

0

TOTAL

97

96

86

10

doi:10.1371/journal.pone.0172743.t003
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Fig 6. The location of the crystallographic waters from two structures of PIM-1 with PDB accession
codes 1XWS and 2BIK, where the crystallographic waters from the two structures are shown in red/
blue and the predicted waters from the two runs are shown in green/yellow, respectively. A falsepositive result arises from two sites (green) predicted adjacent to the same crystallographic water (red/blue).
doi:10.1371/journal.pone.0172743.g006

Table 4. The results of the OppA dataset of structures used to allow comparison of new prediction protocol to AcquaAlta and the original WaterDock methodologies.
Structure PDB code

Waters

Predictions (1.4 Å)

Predictions (2.0 Å)

False Positives

1JET

7

5

6

0

1JEU

9

7

8

1

1JEV

6

5

5

0

1B4Z

10

7

9

1

1B5I

7

5

7

1

1B32

7

5

6

0

1B3F

7

5

6

1

1B46

6

4

6

0

1B51

9

7

8

0

1B58

7

5

6

0

1B5J

10

8

8

1

1B9J

6

5

6

1

1QKA

6

6

6

1

1QKB

6

4

5

1

Total

103

78

92

8

doi:10.1371/journal.pone.0172743.t004
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1.4 Å and could predict 66% of the 103 crystallographic waters. At the same maximum
error, the original WaterDock could predict 87% of bridging waters. The slightly greater
maximum error of the new protocol becomes evident in the OppA dataset with WaterDock
2.0 able to predict only 78 water molecules (76%) at 1.4 Å. While inferior to the original protocol at this cut-of distance, the new pipeline still out-performs AcquaAlta. However, if the
maximum error was increased to match the modelled inter hydration-site distance of 2.0 Å,
the prediction rate increases to 91%. Only 8 false-positive sites were predicted compared to
19 using the original protocol. Using the R package exact, Boschloo’s exact test was used to
determine the statistical significance of this improvement, given a fixed number of predictions for the original WaterDock and WaterDock 2.0. Under the null hypothesis that WaterDock and WaterDock 2.0 have the same false positive rate, the probability for observing 8
false positives or fewer with WaterDock2 (i.e. the p-value) was calculated to be 0.033, which
is significant up to standard 0.05 level. The number of true positives for WaterDock 2.0 was
92, compared to 95 true positives of the original WaterDock. Using Boschloo’s exact test for
a fixed total number of predictions, the null hypothesis of equal true positive rates was not
rejected with a p-value of 0.979. A further comparison between the two WaterDock protocols is provided in S2 Fig.

Conclusions
To summarise, the inclusion of ligand conformation and its associated hydration sites into
the WaterDock pipeline allows accurate prediction of bridging waters. Additionally, a consideration of the conformation of the ligand polar groups allows a marked reduction in the
number of false-positives compared to the original WaterDock protocol. Finally, the semiempirical generation of hydration sites allows a robust application to holo structures of different ligand sizes without needing to consider effects of changing box sizes (the clustering
in the original WaterDock implementation was tuned for a cube of sides 15 Å and thus
very large ligands may prove problematic as recently discussed in similar applications
[31]).
WaterDock 2.0 was envisaged with a view of combining ligand hydration with AutoDock
Vina’s scoring to predict water molecules within the binding site of holo structures. While the
validation of any prediction protocol is inherently difficult considering the inaccuracies associated with crystallographic waters, the new pipeline significantly reduced the number of falsepositives while matching the true positive rate of WaterDock. While the speed of predictions is
reduced due to the greater number of docking attempts in the new protocol, the effect is marginal due to the significant reduction in the ‘exhaustiveness’ and search space of each run.
The speed of the protocol and its sensitivity to ligand conformation (because final water
positions are generated based on the orientation of the functional groups) make it ideal for
combination with drug screens. Work is currently underway to combine WaterDock 2.0 with
docking poses to predict conformation-dependant bridging waters which in-turn can be used
to develop a ‘hydrated’ docking score.
To make WaterDock 2.0 easy to use, we developed a graphical user inter-face (GUI) based
on PyMOL[43]. The GUI allows easy file loading and parameter specification for the protocol.
Snapshots of the plugin installed within PyMOL are shown in Fig 7. The ‘Apo-WaterDock’
option is a PyMOL implementation of the original WaterDock previously scripted in R. The
‘Holo-WaterDock’ option is the WaterDock 2.0 pipeline developed here. The plugins along
with a description of the installation/usage procedures and the necessary libraries are currently
available at https://github.com/bigginlab/WaterDock_pymol.git. In addition, a command line
version of WaterDock 2.0 is available at https://github.com/bigginlab/WaterDock-2.0.git.
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Fig 7. Snapshots of the PyMOL plugins developed for WaterDock pipelines.
doi:10.1371/journal.pone.0172743.g007

Supporting information
S1 Fig. Functional group solvation.
(PDF)
S2 Fig. Analysis of the improvement in false-positive rate by WaterDock2.0 compared to
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López ED, Arcon JP, Gauto DF, Petruk AA, Modenutti CP, Dumas VG, et al. (2015) WATCLUST: a tool
for improving the design of drugs based on protein-water interactions. Bioinformatics 31: 3697–3699.
doi: 10.1093/bioinformatics/btv411 PMID: 26198103

13.

Modenutti C, Gauto D, Radusky L, Blanco J, Turjanski A, Hajos S, et al. (2014) Using crystallographic
water properties for the analysis and prediction of lectin–carbohydrate complex structures. Glycobiology
25: 181–196. doi: 10.1093/glycob/cwu102 PMID: 25267604

14.

Lie MA, Thomsen R, Pedersen CNS, Schiøtt B, Christensen MH (2011) Molecular docking with ligand
attached water molecules. J Chem Inf Model 51: 909–917. doi: 10.1021/ci100510m PMID: 21452852

15.

Garcia-Sosa AT, Mancera RL (2010) Free energy calculations of mutations involving a tightly bound
water molecule and ligand substitutions in a ligand-protein complex. Mol Inf 29: 589–600.

16.

Mancera RL (2007) Molecular modelling of hydration in drug design. Curr Opin Drug Discov Devel 10:
275–280. PMID: 17554853

17.

Garcia-Sosa AT, Mancera RL, Dean PM (2003) WaterScore: a novel method for distinguishing between
bound and displaceable water molecules in the crystal structure of the binding site of protein-ligand
complexes. J Mol Model 9: 172–182. doi: 10.1007/s00894-003-0129-x PMID: 12756610

18.

Mancera RL (2002) De novo ligand design with explicit water molecules: an application to bacterial
neuraminidase. J Comput Aided Mol Des 16: 479–499. PMID: 12510881

PLOS ONE | DOI:10.1371/journal.pone.0172743 February 24, 2017

15 / 17

WaterDock 2.0

19.

Lam PY, Jadhav PK, Eyermann CJ, Hodge CN, Ru Y, Bacheler LT, et al. (1994) Rational design of
potent, bioavailable, nonpeptide cyclic ureas as HIV protease inhibitors. Science 263: 380–384. PMID:
8278812

20.

Hussain A, Melville J, Hirst J (2010) Molecular docking and QSAR of aplyronine A and analogues:
potent inhibitors of actin. J Comput Aided Mol Des 24: 1–15. doi: 10.1007/s10822-009-9307-y PMID:
19890607

21.

Taha MO, Habash M, Al-Hadidi Z, Al-Bakri A, Younis K, Sisan S (2011) Docking-based comparative
intermolecular contacts analysis as new 3-D QSAR concept for validating docking studies and in silico
screening: NMT and GP inhibitors as case studies. J Chem Inf Model 51: 647–669. doi: 10.1021/
ci100368t PMID: 21370899

22.

Huang N, Shoichet BK (2008) Exploiting ordered waters in molecular docking. J Med Chem 51: 4862–
4865. doi: 10.1021/jm8006239 PMID: 18680357

23.

Verdonk ML, Chessari G, Cole JC, Hartshorn MJ, Murray CW, Nissink JW, et al. (2005) Modeling water
molecules in protein-ligand docking using GOLD. J Med Chem 48: 6504–6515. doi: 10.1021/
jm050543p PMID: 16190776

24.

Forli S, Olson AJ (2012) A force field with discrete displaceable waters and desolvation entropy for
hydrated ligand docking. J Med Chem 55: 623–638. doi: 10.1021/jm2005145 PMID: 22148468

25.

Lemmon G, Meiler J (2013) Towards ligand docking including explicit interface water molecules. PLoS
ONE 8: e67536. doi: 10.1371/journal.pone.0067536 PMID: 23840735

26.

Friesner RA, Murphy RB, Repasky MP, Frye LL, Greenwood JR, Halgren TA, et al. (2006) Extra precision glide: Docking and scoring incorporating a model of hydrophobic enclosure for protein-ligand complexes. J Med Chem 49: 6177–6196. doi: 10.1021/jm051256o PMID: 17034125

27.

Rarey M, Kramer B, Lengauer T (1999) The particle concept: placing discrete water molecules during
protein-ligand docking predictions. Proteins 34: 17–28. PMID: 10336380

28.

Henchman RH, McCammon JA (2002) Extracting hydration sites around proteins from explicit water
simulations. J Comput Chem 23: 861–869. doi: 10.1002/jcc.10074 PMID: 11984847

29.

Denisov VP, Halle B, Peters J, Hoerlein HD (1995) Residence times of the buried water molecules in
bovine pancreatic trypsin inhibitor and its G36S mutant. Biochemistry 34: 9046–9051. PMID: 7542475

30.

Morozenko A, Leontyev IV, Stuchebrukhov AA (2014) Dipole moment and binding energy of water in
proteins from crystallographic analysis. J Chem Theor Comput 10: 4618–4623.

31.

Morozenko A, Stuchebrukhov AA (2016) Dowser++, a new method of hydrating protein structures. Proteins: Struct Func Bioinf 84: 1347–1357.

32.

Afanasyeva A, Izmailov S, Grigoriev M, Petukhov M (2015) AquaBridge: A novel method for systematic
search of structural water molecules within the protein active sites. J Comp Chem 36: 1973–1977.

33.

Raman EP, MacKerell AD (2013) Rapid estimation of hydration thermodynamics of macromolecular
regions. J Chem Phys 139: 055105. doi: 10.1063/1.4817344 PMID: 23927290

34.

Amadasi A, Surface JA, Spyrakis F, Cozzini P, Mozzarelli A, Kellogg GE (2008) Robust classification of
"relevant" water molecules in putative protein binding sites. J Med Chem 51: 1063–1067. doi: 10.1021/
jm701023h PMID: 18232647

35.

Setny P, Zacharias M (2010) Hydration in discrete water. A mean field, cellular automata based
approach to calculating hydration free energies. J Phys Chem B 114: 8667–8675. doi: 10.1021/
jp102462s PMID: 20552986

36.

Pitt WR, Goodfellow JM (1991) Modelling of solvent positions around polar groups in proteins. Protein
Eng 4: 531–537. PMID: 1891460

37.

Schymkowitz JW, Rousseau F, Martins IC, Ferkinghoff-Borg J, Stricher F, Serrano L (2005) Prediction
of water and metal binding sites and their affinities by using the Fold-X force field. Proc Natl Acad Sci U
S A 102: 10147–10152. doi: 10.1073/pnas.0501980102 PMID: 16006526

38.

Ross GA, Morris GM, Biggin PC (2012) Rapid and accurate prediction and scoring of water molecules
in protein binding sites. PLoS ONE 7: e32036. doi: 10.1371/journal.pone.0032036 PMID: 22396746

39.

Trott O, Olson AJ (2010) AutoDock Vina: improving the speed and accuracy of docking with a new scoring function, efficient optimization, and multithreading. J Comput Chem 31: 455–461. doi: 10.1002/jcc.
21334 PMID: 19499576

40.

Rossato G, Ernst B, Vedani A, Smiesko M (2011) AcquaAlta: A directional approach to the solvation of
ligand-protein complexes. J Chem Inf Model 51: 1867–1881. doi: 10.1021/ci200150p PMID: 21714532

41.

Sridhar A, Johnston AJ, Varathan L, McLain SE, Biggin PC (2016) The solvation structure of alprazolam. Phys Chem Chem Phys 18: 22416–22425. doi: 10.1039/c6cp02645a PMID: 27465367

42.

Johnston AJ, Busch S, Pardo LC, Callear SK, Biggin PC, McLain SE (2016) On the atomic structure of
cocaine in solution. Phys Chem Chem Phys 18: 991–999. doi: 10.1039/c5cp06090g PMID: 26660073

PLOS ONE | DOI:10.1371/journal.pone.0172743 February 24, 2017

16 / 17

WaterDock 2.0

43.

DeLano WL (2002) The PyMOL Molecular Graphics System DeLano Scientific, San Carlos, CA, USA.

44.

Dunbar JB, Smith RD, Damm-Ganamet KL, Ahmed A, Esposito EX, Delproposto J, et al. (2013) CSAR
data set release 2012: Ligands, affinities, complexes, and docking decoys. J Chem Inf Model 53:
1842–1852. doi: 10.1021/ci4000486 PMID: 23617227

45.

Wang J, Wolf RM, Caldwell JW, Kollman PA, Case DA (2004) Development and testing of a general
amber force field. J Comp Chem 25: 1157–1174.

46.

Wang J, Wang W, Kollman PA, Case DA (2006) Automatic atom type and bond type perception in
molecular mechanical calculations. J Mol Graph Mod 25: 247–260.

47.

Case DA, Cheatham TE, Darden TOM, Gohlke H, Luo RAY, Merz KM, et al. (2005) The Amber biomolecular simulation programs. J Comp Chem 26: 1668–1688.

48.

Jakalian A, Bush BL, Jack DB, Bayly CI (2000) Fast, efficient generation of high-quality atomic charges.
AM1-BCC model: I. Method. J Comput Chem 21: 132–146.

49.

Jakalian A, Jack DB, Bayly CI (2002) Fast, efficient generation of high-quality atomic charges. AM1BCC model: II. Parameterization and validation. J Comp Chem 23: 1623–1641.

50.

Sousa da Silva A, Vranken W (2012) ACPYPE—AnteChamber PYthon Parser interfacE. BMC Res
Notes 5: 367. doi: 10.1186/1756-0500-5-367 PMID: 22824207

51.

Joung IS, Cheatham TE (2008) Determination of alkali and halide monovalent ion parameters for use in
explicitly solvated biomolecular simulations. J Phys Chem B 112: 9020–9041. doi: 10.1021/jp8001614
PMID: 18593145

52.
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