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REVIEW

Water in drug design: pitfalls and good practices
Balázs Zoltán Zsidóa and Csaba Hetényia,b

aPharmacoinformatics Unit, Department of Pharmacology and Pharmacotherapy, Medical School, University of Pécs, Pécs, Hungary; bNational 
Laboratory for Drug Research and Development, Budapest, Hungary

ABSTRACT
Introduction: Structure-based drug design relies on optimizing drug–target interactions and blocking 
harmful pathophysiological events at the atomic level. Such events of the human body are modulated 
by water acting either as a medium or an individual partner in molecular interactions. A precise 
understanding of the modulatory mechanisms of water is essential for a successful drug design.
Areas covered: The present review discusses different topographical and networking situations that 
result in radically different roles of water, a root of various pitfalls of drug design. The review surveys 
good practices for tackling the problems of determining water structure at atomic resolution. 
Techniques for quantifying the effects of bulk, networking, and individual water molecules on the 
stability of drug-target complexes are also discussed. The article is based on a literature search using 
the PubMed, Web of Science, and Google Scholar databases.
Expert opinion: With advances in rapid computational algorithms and a better understanding of the 
physicochemical machinery of complex formation, theoretical approaches have resulted in elegant and 
cost-effective tools that fill the knowledge gaps left by the limited experimental methods. Overcoming 
the technical pitfalls of drug design, water transforms from a frustrating challenge into a handy tool for 
fine-tuning drug–target interactions.
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1. Introduction

The engineering of potent ligands requires precise knowledge 
of the role of water in structure-based drug discovery [1–5]. 
Experimental techniques supply spatial coordinates of the 
water structure of the targets and their complexes with 
ligands that are indispensable for molecular engineering. 
However, determining such atomic resolution data [6] is still 
challenging and partly originates from water molecules’ enor
mous networking and mobility (the root of these challenges 
are further analyzed in Section 2). They tend to form 
a hydrogen-bonded network around the solute molecules, 
and the disruption or re-organization of this hydration net
work also influences the overall strength of target-ligand bind
ing [1,6–9]. The importance of water networks is now well- 
known for drug designers and numerous theoretical methods 
were released in the past decades to complement the missing 
structural data (Section 3). However, even small changes like 
adding a methyl group to a series of congeneric ligands can 
result in an unexpectedly large change in the binding affinity 
due to the rearrangement of the adjacent water networks [10]. 
Such large, ligand-induced variability of water networks still 
imposes a heavy challenge on experimental and theoretical 
techniques.

Computational docking can be considered a poster child for 
the above-mentioned water-related problems of ligand design. 
It has long been introduced as a major technique for calculating 
target–ligand complex structures [11–13]. Indeed, docking 

methods allow a fast selection of top candidates in high 
throughput screening campaigns on large ligand libraries 
[12,14,15]. However, the precision of computational docking is 
often deteriorated by the lack of an appropriate water model. 
Usually, only simplified, implicit water models are applied [16– 
18] that obviously cannot account for atomic interactions 
(H-bonds) of water molecules. This limitation can be annoying 
if the hydration structure becomes unpredictable due to the 
diverse interaction profile of the large variety of possible ligands 
binding to the target pocket. During the binding process, the 
ligand competes with the surrounding water molecules (and 
ions) for binding sites on the target (Figure 1(a)).

The water molecules can be classified into three main func
tional categories according to their roles in ligand binding.

(1) Conserved water molecules stay in the binding pockets of 
the target or the ligand and either form bridges [9] 
between hydrophilic groups of the partners (Figure 1(a)), 
or fill their sub-pockets. Conserved waters have thermo
dynamic/kinetic stability (‘happy’ with their position 
[19,20]) and become an essential constituent of the form
ing target–ligand interface (Figure 1(b)) [1].

(2) Displaceable waters have lower positional stability 
(unhappy) on the target/ligand surface. They are ready 
to leave their unfavorable (mostly hydrophobic) [21] 
sub-pockets and are expelled by the ligand during the 
competition (red arrow, Figure 1(a)).
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(3) Incoming water molecules that join the target–ligand 
complex (blue arrow, Figure 1(a)) during the binding 
process from the bulk (Figure 1(b)). They act as stabiliz
ing staples bridging between the target and the ligand 
at the edges of the interface.

Every ligand impacts the local water structure and can affect 
the static/dynamic properties of the surrounding water mole
cules. Thus, the above categorization of waters is ligand- 
dependent. Anyway, the prediction of the actual function 
would be rather hopeless if explicit water molecules were 
not applied in the calculations. However, the incorporation 
of explicit water molecules in docking calculations is still not 
trivial, as their function largely depends on the actual ligand 
[22] (Section 3).

While there are established experimental methods for the 
determination of thermodynamic [23–28] and kinetic 
[25,26,29] binding parameters, it is still impossible to measure 
the effect of individual water molecules on the stability of 
drug-target complexes [30] experimentally. Changes in water 
structure can either increase [31] or decrease [32] ligand bind
ing affinity or change the partitioning of enthalpic and entro
pic contributions. (In the latter case, mutual compensating 
effects can result in the binding affinity remaining unaffected.) 
Therefore, the determination of the influence of individual 
water on the thermodynamic signature of ligand binding 
poses a significant challenge and an untapped potential at 
the same time [33]. Among theoretical methods, physico
chemical ‘first principle’ approaches have shown excellent 
results in predicting ligand binding affinity [3,27,28] and in 

Article highlights

● Incorporating water molecules into drug–target interactions is one of 
the greatest challenges in drug design.

● Experimental structure determination often results in incomplete 
water structures, and the (de)stabilizing role of individual water 
molecules cannot be measured instrumentally.

● Theoretical methods provide good answers for ‘aqueous challenges’ 
in structure determination and predicting drug-target complex 
stability.

● The application of molecular dynamics simulations and fast quantum 
mechanics-based scoring schemes will further increase the accuracy 
of the calculation of drug binding affinity.

● The further development of physicochemical methods and their 
clever combination with machine learning will likely increase the 
success of drug design projects in the next decades.

● By overcoming the technical pitfalls of drug design, water transforms 
from a frustrating challenge into a handy tool in fine-tuning drug– 
target interactions.

Figure 1. Functional classification and topologies of water molecules. (a) Functional classification of water molecules in a typical ligand binding situation. The 
binding of a ligand (teal sticks) is shown to a hydrophilic binding pocket (gray surface) with hydrophilic amino acid side chains highlighted as sticks. Hydrating water 
molecules are represented by red and white spheres. Red and blue arrows indicate leaving (displaced, D), and incoming, I water molecules, respectively. 
A conserved, C water molecule remains on the ligand and another on the target during binding. (b) Water topologies involved in target-ligand binding.
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the thermodynamic contributions of individual water mole
cules [34–36], as well. Developing emerging technologies 
based on previous knowledge and artificial intelligence (AI) 
has also addressed the challenges of the structure and stability 
of drug-target complexes [37–41]. Section 4 provides further 
details on practices available for stability predictions. To sup
port this work, PubMed, Web of Science, and Google Scholar 
database searches were performed until February of 2025, 
prioritizing recent developments in the field. Non-recent, but 
fundamental papers were also included.

2. Topography, networking, and models of bulk 
water

Many pitfalls and challenges of drug design are rooted in the 
molecular properties of water. The large difference in electro
negativity of oxygen and hydrogen atoms, the two lone elec
tron pairs of oxygen, and the angular (C2v) symmetry of the 
molecule determine the large dipole moment [42,43] (polarity) 
and the maximal four hydrogen bonding (H-bonding) possibi
lities of water. The small size is responsible for its high mobility 
as a solvent (and also as a binding partner). With these unique 
physicochemical characteristics, water is a molecular Jolly 
Joker as it can stabilize or destabilize target-ligand complexes 
depending on its topographic and networking situation.

2.1. Topography

The (de)stabilizing effects of water can happen at different 
levels of networking depending on the actual location, and 
the number of contacts with the solutes (target and ligand). 
Due to the local topography, buried, interfacial, surface, and 
bulk waters can be distinguished (Figure 1(b)) [1]. On average, 
a buried or an interfacial water molecule tends to have the 
largest contact surface with the solutes and the lowest mobi
lity. It mostly plays the role of an autonomous (individual) 
partner of the solutes and is important in the stabilization of 
either the solute structure [44] or the target-ligand complex 
[1,9,35]. With an increase in the size of the ligand and the 
interface, there is a higher level of networking between water 
molecules. A water molecule residing on the target (or ligand) 
surface has relatively few contacts with the solute, and they 
are also involved in large, loose cage-like networks [45] with 
each other. At the end of the scale, bulk waters organize in 
highly dynamic networks of grape-like clusters [42,43], form
ing the mobile medium surrounding the target-ligand com
plexes (Figure 1(b)).

2.2. Networking

Individual water molecules residing in tiny interfaces 
(Figure 1(b)) show low networking and mobility, and various 
practices are available for their structural determination 
(Section 3). The thermodynamic and kinetic characterization 
of their role in the (de)stabilization of target-small ligand 
complexes has also been well-studied, and a detailed account 
is given in Section 4. However, the precise description of the 
complex networking of water molecules in an extended tar
get-large ligand interface or on a target surface (Figure 1(b)) is 

still a great challenge in drug design. Even displacement 
(Figure 1(a)) of a single networking water molecule by 
a ligand can disrupt or rearrange a series of water–water or 
water–target interactions [1], with an overall effect on kinetic 
and thermodynamic stability. The role of a single water mole
cule in an interaction network can be quantitatively analyzed 
using graph theoretical approaches [46]. Furthermore, infor
mation on hydration networks can be extracted from compu
tational simulations and used for ligand (hit) selection and 
design. For example, in the topological water network frag
ment screening (TWN-FS) method, the shape and geometry 
similarity of the fragments to TWNs is used for hit selec
tion [47].

A ‘divide and conquer’ analysis can split large water net
works into sub-nets and help uncover their role in the target– 
ligand interactions. Water molecules can be considered as 
nodes of a network graph, and depending on their intercon
nectivity and mobility, they can be assigned to static or 
dynamic sub-nets of the full hydration network [9]. Static sub- 
nets are mostly formed by thermodynamically or kinetically 
stable water molecules trapped at the bottom of deep binding 
pockets interacting with hydrophilic residues. Static sub-nets 
are generally small and often conserved during ligand bind
ing. Their waters can be formally considered part of the target 
contributing to complex stability [9,48]. A hydration network 
analysis [49] by MobyWat [50] showed that the increased 
amount of static water sub-nets corresponds to elevated dis
sociation barriers and a decrease in ligand dissociation rates 
(higher binding affinity to the oligosaccharide ligands) in the 
case of a mutant of E. coli bacteriophage HK620 (HK620TSP) 
[49] if compared to the wild-type protein. The results of the 
study were confirmed by experimental kinetic analyses, as 
well.

In dynamic sub-nets, the water–water interactions domi
nate (instead of the solute–water interactions), and have loose 
connectivity quantified by the low density of edges [9,51,52]. 
Dynamic sub-nets can be found around hydrophobic residues 
where water molecules are turned away from the residue and 
form loose cage structures with each other [35,53]. The trans
formation of the dynamic sub-net of these cage structures 
during ligand binding is responsible for the stabilizing hydro
phobic effects [54–56]. Dynamic sub-nets are also formed at 
the shallow regions of the binding interface that cannot pro
vide a topological [57] trap or at surface regions of the target 
that continuously communicate with the bulk. They are impor
tant for recognizing various ligands [58] and affect binding 
affinity [59]. As the dynamic sub-nets are located between the 
static sub-nets and the bulk, they also mediate the migration 
of water molecules into the interface, a key step in the 
mechanism of ligand dissociation [8].

In particular, large water networks play an important role in 
designing protein–protein interaction (PPI) inhibitors (Figure 2(a)). 
The PPI inhibitors have to compete with the binding of the protein 
partners and appropriately modulate the interfacial hydration net
work between them. Due to the large interface areas, the PPI 
water networks are extended (Figure 2(a)) and very heteroge
neous, including static regions at the interaction hot spots 
[20,63], and dynamic sub-nets at the shallow interface regions. 
A better adaptation of an inhibitor to a favorable PPI water 
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network increases its potency by orders of magnitude [20]. The 
interface region of PPIs is hydrophobic or contains hydrophobic 
patches with polar interactions and water molecules present [64]. 
The displacement/replacement of these water molecules by PPI 
inhibitors has important thermodynamic consequences [64], and 
the release of water molecules from hydrophobic interface regions 
is labeled as one of the most important driving forces of PPIs [21].

2.3. Models of bulk water

Bulk waters represent the largest topographical group with 
the largest networks and highest mobility on the right end of 
the scale of Figure 1(b). In the liquid phase, water molecules 
form extensive but weak (very dynamic) sub-nets in/between 
their loose grape-like clusters [42,43]. They supply incoming 
(individual) water molecules during ligand binding 
(Figure 1(a)), and the medium of target–ligand interactions. 
Their collective effects are usually accounted for by implicit or 
explicit solvent models instead of vacuum simulations, whose 
limitations were recognized early on [65]. Water as a Jolly 
Joker medium has different effects on the interaction of apolar 
and polar sites [66]. For apolar sites, the hydrophobic effect 

was described above. Polar interactions are effectively 
shielded (dampened) by water molecules located along the 
electric force field of the surrounding molecules, following 
their large dipole moment. This effect can be (roughly) 
accounted for in the Coulomb potential using distance- 
dependent relative permittivity [εr(R)] functions [62,67,68] 
that have a sigmoidal increase of εr (Figure 2(b)) with an 
increase in the distance of the interacting charges (R in 
Figure 2(b)). Accordingly, the repulsive electrostatic interaction 
calculated for the example of two neighboring oxygen atoms 
(Figure 2(b)) scales between vacuum (εr = 1) and bulk (εr =  
78.4) with a continuous transition provided by the εr(R) func
tion and converges to zero together with the bulk (εr = 78.4) 
curve. This is especially important in the target-ligand contact 
region (at an R between the covalent distance of ca. 1–2 Å and 
the electrostatic interaction cutoff of ca. 10 Å). Thus, εr(R) 
functions have been implemented and proved efficient in 
fast docking programs [69].

Molecular mechanics (MM) level calculations of target– 
ligand interactions apply implicit or explicit water models for 
the bulk. Implicit water models of continuum solvation meth
ods, like the molecular mechanics Poisson-Boltzmann [70–72] 

Figure 2. The role of hydration networks in protein–protein interactions and the shielding effect of water. (a) Protein–protein interaction as seen in the structure of 
Escherichia coli transketolase homodimer (PDB code 6tj9 [60]). The two interacting protein chains are shown in gray and teal cartoons (top). Interface water oxygen 
atoms are shown as red spheres. The network graph of the water molecules was produced from the structure by MobyWat NetDraw mode [50] and visualized with 
the Gephi [61] software. The colors of the network nodes follow the coloring of the structure. (b) The shielding effect of bulk water is shown on the example of an 
oxygen-oxygen atom pair. The plot of a distance-dependent relative permittivity εr(R) function [62] (top), where R is the distance between two neighboring atoms. 
The dotted line represents water as a bulk medium with εr = 78.4. The corresponding (repulsive) Coulomb potential (V) was calculated for two neighboring oxygen 
atoms (bottom). A, B, λ and k are constants [62], ε0 is the vacuum permittivity. In the Coulomb potential q is the partial charge of an oxygen atom, NA is the 
Avogadro number. V was also calculated for constant εrs of the vacuum (1, blue) and the bulk (78.4, red). The intermediate (purple) V curve with an εr(R) allows 
realistic modeling of the change of shielding effect of water on the electrostatic interactions as it provides a transition between the vacuum and the bulk curves in 
the region of ca. 1–2<R < 10 Å important for water-water H-bonds, and ligand binding. That is, after the covalent bond region (ca. R = 1–2 Å) there is still a repulsion 
that drops reaching the cut-off (ca. R = 10 Å), due to the increase of the shielding effect of bulk waters.

748 B. Z. ZSIDÓ AND C. HETÉNYI



(MM/PBSA) and generalized Born surface area [73–75] (MM/ 
GBSA) do not consider explicit water molecules, just 
a continuous isotropic medium [76]. In such models, the solute 
is represented as a cavity in the water continuum, and its 
charge density is restricted by the boundaries of the cavity 
[76]. When water plays a critical role in the interaction of the 
solutes (target and ligand), the implicit solvent models have 
limitations [77] for the calculation of the hydrophobic effects 
[54–56] and the description of water-solute networks [78]. 
Explicit solvent models offer a much more realistic approach 
as they work with the known geometry and partial charge 
distribution of water molecules at the atomic level. The flex
ibility of water molecules is often kept restricted, point 
charges and pairwise additive interactions are used [79] in 
the applications of the popular transferable intermolecular 
potential (TIP [80]), and simple point charge (SPC [81]) models 
to various problems where water molecules play a key role 
[82–84]. The explicit solvent models are still under massive 
development, including flexibility and polarizability [77,85,86]. 
Implicit solvent models have been implemented in quantum 
mechanics (QM) approaches [87], and there is increasing use 
of explicit waters and hybrid models in current target-ligand 
calculations (Section 4.2).

3. Patching the potholes of structure determination

3.1. Problems of experiments

The quick and accurate determination of target–ligand com
plex structures is inevitable for structure-based drug design 
[88]. More than half of the experimental structures deposited 
in the Protein Data Bank (PDB) [89] contain at least one water 
molecule [2], usually found at interface regions (Figure 1(b)) 
[90]. However, the state-of-the-art experimental structure 
determination methods still have several limitations, as out
lined in the next paragraphs. Despite the limitations, it must 
be emphasized that experimental measurements remain the 
ultimate source of data for validating theoretical predictions. 
In particular, knowledge-based computational methods (next 
Section) heavily rely on large experimental databases [91]. 
Several thousands of crystallographic water positions (on pro
teins) were used to validate quick [30] and computationally 
demanding theoretical methods [50], as well.

Cryo-electron microscopy provided fascinating results in 
determining large macromolecular systems [92,93]. However, 
its performance is still limited in smaller details, like measuring 
ligands and water molecules on the protein surface [59,94]. 
Cryo-electron microscopic maps with a resolution of < 2.0 Å 
are not routinely produced [95] at a large scale, necessitated 
by drug design. This resolution is often necessary for smaller 
details, like ligands and water molecules.

To this day, the main experimental source of protein structures 
is X-ray crystallography [96,97]. Notably, X-ray crystallographic 
experiments provide static snapshots of biological systems and 
(except in a few cases [98]) lack information about their dynamics 
[99]. The number of human proteins is limited, of which only 
a fraction is druggable [100]. Many human druggable proteins 
are membrane-bound, with limited solubility [101]. Apart from 
membrane-bound proteins, the expression, crystallization, and 

purification of proteins are challenging [102]. Furthermore, 
a crystallized protein is not in the native form present in the matrix 
of the living body. Therefore, the crystallization process might 
result in artifacts (structural features not typical of native proteins). 
For membrane-bound proteins, the artifacts are also caused by 
detergents (required for extracting the protein from its original 
cellular environment) that necessitate the development of new 
methods to detect artifacts [103]. The measurement of the crystal
lized protein requires high energy radiation and a low (cryogenic) 
temperature, leading to further artifacts [104] mainly regarding 
waters, especially those involved in the conformational change 
of highly hydrated amino acid side chains. Fitting atoms and amino 
acids into X-ray crystallographic electron density maps also have 
a natural uncertainty [105]. It might necessitate the manual inter
vention of a researcher, bringing in the human factor. The devel
opment of automation in high-throughput X-ray crystallography is 
promising especially in fragment-based lead discovery [106,107]. 
However, it is important to notice that the crystallization of many 
protein-ligand complexes requires tremendous efforts to set the 
appropriate experimental environment.

Still, X-ray crystallography is the most popular method for the 
experimental determination of hydrated structures. However, it 
also has some limitations for structure determination of hydration 
[1,50,57,104,108]. The main problem with the experimental deter
mination of water molecules lies in their great mobility and high 
degrees of freedom. In smaller systems, fitting water molecules 
into electron density maps is more accurate than in larger systems 
[109], where setting and controlling thousands of water molecules 
is a tremendous work and the ‘human factor’ can play a role. The 
lonely oxygen atom of water molecules has a small peak in elec
tron density compared to the atoms of surrounding amino acids, 
and the small scattering of water hydrogen atoms further compli
cates structure determination [109] and increases the uncertainty 
of the resulting water structure. In protein crystal packing, the 
interface regions might amount to up to 30–40% of the whole 
protein surface [110], and the water molecules therein might be an 
artifact of crystallization. Neutron diffraction experiments [111,112] 
improve the experimental determination of hydration structure 
over X-ray crystallography [113]. However, only a few laboratories 
can perform such experiments, and it may be difficult to find 
sufficient beam time as the flux of a neutron source is by orders 
of magnitude less powerful if compared with a synchrotron 
source [114].

Finally, nuclear magnetic resonance spectroscopy (NMR) can be 
mentioned because it gives a good picture of the atomic dynamics 
of smaller proteins or peptides and shows advances in hydration 
dynamics determination [115]. However, the number of water 
molecules determined by NMR is still low [2]. Besides the monetary 
and technical drawbacks of the above methods, there are funda
mental challenges that experiments cannot overcome without the 
help of computational methods described in the next Section. On 
the other hand, computer methods can hardly be developed with
out experimental data.

3.2. Practices offered by computational methods

Like in other fields of drug design [116], computational meth
ods can complement experimental methods for a better 
understanding of the water structure [2]. These methods are 
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based on the first principles of physical chemistry or the 
available experimental knowledge, including recent artificial 
intelligence (AI) techniques [117–119]. The hydration structure 
can be predicted for the separate target and ligand partners 
alone or in combination with the docking simulations. The 
performance of physicochemical methods was discussed pre
viously [2] and their success rate (the match with the experi
mental structure) can reach 80% or 90% for the prediction of 
water positions on the whole target surface or in the target– 
ligand interface, respectively [2]. A brief list of available prac
tices updated with knowledge-based techniques and docking 
protocols is provided in Table 1.

3.2.1. Physico-chemical methods
Physico-chemical methods are based on molecular mechanics 
(MM) force fields that allow the prediction of water structure and 
energy contributions. The methods are based on grid (docking) 
calculations or MD simulations [5]. Grid-based approaches gener
ally account for solute–water interactions and do not consider 
water–water H-bonds in the hydration shell. They often use a pre- 
calculated energy grid around the target that allows fast prediction 
of the water positions. For example, HydraMap v.2 [144] is a grid- 
based method that calculates statistical potentials for protein- 
water and ligand–water interactions, then places the binding 
pocket of a protein in a grid box, and generates water probes on 
the grid points. The potential of mean force energies of the water 
probes are calculated, and the probes matching a threshold are 
kept as hydration sites. The method also distinguishes between 
three functional (displaced, conserved, and shifted) types of water 
molecules based on ligand proximity. WaterDock [123,124] docks 
water molecules into the target using AutoDock Vina, and cluster
ing the sites of the best scores results in the predicted water sites. 
The method was validated on a carefully assembled set of con
sensus water positions from high-resolution crystal structures, 
neutron diffraction data, and MD simulations. WaterDock performs 
independent docking runs, water–water interactions are not con
sidered, and water site locations are not optimized to form 
H-bonds with each other.

Molecular dynamics (MD) simulations also utilize MM force 
fields and can be performed with explicit water models men
tioned in Section 2.3. Besides solute–water interactions, they 
account for water–water H-bonds and can describe the 
dynamics of water networks. For example, WaterMap [120] is 
commercial software with various applications [145]. 
WaterMap calculates water positions from a short MD simula
tion followed by an occupancy-based clustering of hydration 
sites submitted to a thermodynamic analysis (described in 
Section 4). Open-source programs like MobyWat [50] are also 
available to extract hydration structure from MD trajectories, 
generating mobility and occupancy values for each water 
molecule. MobyWat was written in standard C and can be 
installed on any platform. It is compatible with any MD pro
gram, including the popular open-source MD program pack
age GROMACS [146], and can read binary trajectories and PDB 
files. Besides extracting hydration structures, MobyWat has 
a Validation sub-mode to compare results to experiments, 
and a NetDraw mode to map the complex water-mediated 
network of solutes.

Physico-chemical methods offer good performance (suc
cess rates) [2] and the above applications of explicit water 
models can handle water–water contacts and internal changes 
in the hydration structure. However, MM-based approaches 
are limited by the common use of force fields that do not 
consider the polarizability of the electron systems. Due to the 
large dipole moment of water, the involvement of polarizable 
force fields is an important direction for improving the MM- 
based methods in calculating the hydration structure. 
A polarizable force field and a grand canonical nonequilibrium 
candidate Monte-Carlo method were used to sample cavity 
hydration in proteins [147]. Water molecules were exchanged 
between a virtual reservoir and a buried cavity of the protein 
trypsin. This approach eliminated the kinetic barrier present in 
such exchanges during MD simulations. The polarizable force 
field resulted in good water placement accuracy in the unique 
microenvironment of buried cavities [147]. SZMAP [36] is 
based on a combination of explicit and implicit solvent models 
(Section 2). A grid representation of the solute is applied, and 
then the explicit water probe is scored.

3.2.2. Knowledge-based methods
Knowledge-based methods are trained on available experimental 
structural data. WATGEN [133] is a tool for predicting PPI hydration 
structure, a major problem of PPI inhibitor design (Section 2). The 
method is based on experimental observations of amino acid 
solvation. Water sites are distributed around the solute’s H-bond 
acceptor and donor centers. Sites within a meaningful distance of 
the solutes are kept if they do not collide with any solute atom. 
Then, the water sites are scored based on the number of interact
ing solute polar atoms around them (number of H-bonds formed) 
[133]. The water-scoring approach of WaterFlap [132] also relies on 
the number of H-bonds formed by a water molecule [148,149]. 
WaterFlap uses a grid representation instead of a spherical one, 
and the energetic contours of the grid are based on molecular 
interaction fields [132]. Probes are fitted into protein cavities and 
favorable interactions are searched. The increasing number of 
favorable interactions corresponds to an increased probability of 
ligand (or water) binding to the target. WarPP [30], a similar, geo
metry-based approach, was validated on a large set of experimen
tal data. Polar solute atoms with unsaturated H-bonding capacities 
or geometrically non-ideal H-bonds (that could be replaced by 
solvating water molecules) are selected. The information on favor
able H-bonding geometries was derived from experiments. These 
sites (if not occupied) were then classified as potential water posi
tions, and explicit water molecules were positioned accordingly. 
The water molecules were then refined to achieve the most 
H-bonds possible. A hybrid approach, Fold-X [131] combines an 
empirical MM force field and experimental data from X-ray crystal
lographic structures. The position of a water molecule and inter
acting protein atoms are extracted from X-ray crystallographic 
structures and superimposed onto the query structure. Then, 
water probes are placed into these positions, and clashes are 
removed. A score is calculated for the water probes based on an 
empirical MM force field; those with a favorable calculated score 
are kept. The statistical method 3D-RISM [130] calculates the prob
ability of the presence of a solvent molecule in an area surrounding 
the solute, leading to a solvent shell covering the solute. 3D-RISM 
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performed weaker than its physical-chemical peers in 
a comparative study [150].

The use of artificial intelligence (AI) for scientific predictions 
has been widely investigated in the past decades following 
the pioneering works of John von Neumann [151] and other 

founding computer scientists. In 2024, the Nobel Prize in 
Chemistry was awarded partly for protein structure predictions 
performed by AlphaFold [152], an AI-based software. 
AlphaFold was developed to predict 3D structures of proteins 
on a large scale to assist target-based drug design. From 

Table 1. Water structure: prediction methods and implementations in computational docking.

Method name Features Availability
Year of 

publication

Physico-chemical methods
WaterMap [120] An all-atom MD-based method with explicit water to predict hydration sites and their 

thermodynamic contributions.
Standalone program, 

commercial
2008

HyPred [121] An all-atom MD-based method with explicit water for predicting the solvent density near the 
surface of a protein.

Server unavailable, free for 
academic use

2010

STOW [122] Applies inhomogeneous fluid solvation theory to calculate the thermodynamic contributions of 
interfacial water molecules to ligand binding.

Server unavailable 2012

WaterDock 
[123,124]

Fast and accurately validated method that docks water molecules to the target using AutoDock 
Vina.

Standalone program, open 
source

2012, 2017

SPAM [125] An all-atom MD-based method with explicit water to predict hydration sites at the water-protein 
interface and compute a local free energy score based on the distribution of interaction 
energies between water and the environment at a specific site.

Standalone program, free for 
academic use

2013

WATsite [126] An all-atom MD-based method with explicit water model to calculate the thermodynamic 
contributions of interfacial water molecules to ligand binding.

Server unavailable, free for 
academic use

2014

MobyWat [50] An all-atom MD-based method with explicit water for predicting water molecules on the surface 
of targets and at the interface of target-ligand complexes.

Standalone program, open 
source

2015

WATCLUST [127] An all-atom MD-based method with explicit water for predicting water molecules on the surface 
of targets.

Standalone program, free for 
academic use

2015

SZMAP [36] Places water probes on grid points and calculates their free energy of binding compared to the 
same probe with removed charges and van der Waals terms.

Standalone program, 
commercially available

2015

Knowledge-based methods
Auto-SOL [128] Provides surface and interface hydration for proteins based on H-bond directionality. Standalone program, free for 

academic use
1991

AQUARIUS [129] Based on an analysis of experimental solvent positions around polar and charged amino acid 
residues.

Server unavailable 1991

3D-RISM [130] Calculates thermodynamic properties and solvent structure around a solute based on 
a distribution function.

Standalone program, free for 
academic use

1999

Fold-X [131] Predicts interface and surface waters based on a continuum solvation model and its own force 
field.

Standalone program, free for 
academic use

2005

WaterFlap [132] Places interface and surface water molecules based on a grid representation with energetic 
contours calculated by molecular interaction fields.

Standalone program, 
commercially available

2007

WATGEN [133] Places interface and surface water molecules based on experimental observations of amino acid 
hydration.

Website unavailable 2007

WarPP [30] Places surface and interface water molecules based on interaction geometries derived from 
experimental data.

Standalone program, free for 
academic use

2018

Splash’Em [134] Places water molecules into nucleic acids based on experimental data and a gradient descent 
refinement step.

Standalone program, free for 
academic use

2019

Knowledge-based (AI) methods
Accutar [40] Places surface and interface water molecules based on a scoring function that probes proteins for 

missing water molecules derived from water-water distances.
Server, free for academic use 2021

Galaxy-CNN [38] Places surface and interface water molecules based on a water score map derived from 
experimental water positions.

Server and also standalone 
program, open source

2022

HydraProt [37] Applies a coarse representation of the protein to quickly place water candidates and evaluates 
them based on confidence scores.

Standalone program, open 
source

2024

Implementations in computational docking
FlexX [135] Precalculates favorable water sites and spherical waters can be switched on during docking. Standalone program, free for 

academic use
1999

SLIDE [136] Applies another program Consolv to predict water molecules that are likely to be displaced, the 
remaining waters are kept and can be displaced during docking at the cost of a penalty.

Standalone program, free for 
academic use

2000

AutoDock [137] Calculates multiple energy grids during docking with or without water molecules and ‘choose’ 
between them keeping the one with the most favorable score.

Standalone program, open 
source

2002

Glide [138] Water molecules are docked into the binding site and scored by empirical scoring terms. These 
can be kept or removed by the user, the remaining waters are minimized with the ligand in 
the binding site.

Standalone program, 
commercially available

2004

GOLD [139] Water molecules are allowed to rotate and their energetic contributions are scored during 
docking, displacement of water molecules is rewarded by entropic gain.

Standalone program, 
commercially available

2005

FITTED [140,141] Either uses crystallographic water molecules or places water probes on grid points, optimizes 
them, and keeps the energetically most favorable ones.

Standalone program, free for 
academic use

2007

DOCK 3.5.54 
[142]

Water molecules are treated as flexible parts of the target, and they are switched off (removed) if 
their contribution to ligand binding is unfavorable.

Standalone program, open 
source

2008

HADDOCK [143] The target is hydrated before docking using MD simulations, and water molecules are displaced 
by the ligand binding based on experimental data.

Server, free for academic use 2016

HydroDock [108] Performs dry docking and hydrates the binding site of the apo target using MD simulations and 
MobyWat. Assembles and refines candidate complex structures and selects representative 
hydrated binding modes.

A protocol combining open- 
source programs

2021
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amino acid sequences and a large training set of known 3D 
protein structures, the method predicts 3D structures of pro
teins of previously unknown structures with deep learning. 
However, currently, the handling of non-amino acid entities, 
such as water molecules, is not routinely implemented in the 
program [153]. Thus, further AI-based tools were developed to 
predict water positions in protein structures. For example, 
HydraProt [37] starts from a coarse representation of the 
protein, sampling possible water positions. The final predic
tion is based on multi-layer perception, and a refinement step 
is performed to minimize sterically clashing water positions. 
The performance of three deep learning-based programs was 
also evaluated on the test set of 600 proteins (the number of 
experimental waters in this set was not specified). HydraProt, 
Accutar [40] and Galaxy-CNN [38] were compared. The success 
rates of accurately predicted water molecules within 1 Å dis
tance from an experimental water position in the first hydra
tion shell were 76, 53, and 68 %, respectively [37]. Additionally, 
the prediction of interface water molecules was performed on 
a test set of 151 complexes (with an unknown number of 
waters). The highest success rate (79% within 1 Å) was 
achieved by HydraProt [37]. Knowledge-based prediction of 
hydration sites is also available for DNA, and a recent method 
applying the probability of water density distribution of 
hydrated building blocks successfully predicted 40% of experi
mental waters within 0.5 Å [154].

3.2.3. Hydration in computational docking
The programs surveyed in the previous Sections calculate the 
water structure for an apo (target) or a holo (complex) struc
ture where the solute structure is known. However, at the 
beginning of drug design projects, the structures of the tar
get-ligand complexes are not known for all possible candidate 
ligands. Fast computational docking techniques can provide 
complex structures even at large numbers required by high 
throughput screening (HTS) campaigns. However, their accu
racy is limited by the simplistic (implicit) water models 
(Section 2) discussed in the Introduction. For example, 
Cov_DOX [155] is a covalent docking program that uses impli
cit solvent models COSMO and SMD. The program achieved 
better structural matches with experiments than other bench
mark programs [155]. However, the authors reported proble
matic cases, when the scoring function of their program 
prioritized target–ligand interactions over target–water inter
actions that are not regarded in their calculations.

Thus, including explicit water molecules would theoretically 
help drug designers to avoid such pitfalls, and various solu
tions have been suggested (Table 1). However, it remains an 
open question if computational docking should start with 
placing the ligand or the waters into the binding pocket (a 
‘chicken-and-egg problem’) [2,25]. The most common strate
gies treat the waters as a static part of the target [26] or as 
a flexible part of the ligand [27], in some cases allowing their 
displacement/movement from their original position on the 
target [28,29]. If experiments cannot capture all available 
water molecules, then certain theoretical methods can predict 
hydration structure before docking [30,31]. In DOCK 3.5.54 
[142], the displacement of water molecules is optionally con
sidered. The off (displaced) and on (conserved) states of water 

molecules are based on whether the calculated interaction 
energy of the ligand with the target (and flexible waters as 
parts of the target) improves by keeping them (on) or displa
cing them (off). In GOLD [139], a penalty term is introduced for 
the displacement of water molecules. Similarly, SLIDE [136] 
penalizes the displacement of favorably bound water mole
cules in the ligand score. AutoDock [137] can combine several 
experimental structures with water molecules into the same 
grid by a weighted average approach. In a FlexX [135] proto
col, water particles are added before docking, and their dis
placement occurs during docking. FITTED [140,141] uses 
a similar approach, and the displacement of water molecules 
depends on their distance from the docked ligand. Glide [138] 
adds water molecules after ligand docking. Besides the above- 
mentioned serial approaches, a parallel combination of fast 
docking and MD-based hydration is also possible. The 
HydroDock protocol [108] uses the void-free (cavity-free) 
hydrated structure of the target as predicted by MobyWat 
[50]. A simultaneous docking step is performed on the dry 
target to calculate the dry target-ligand complex. Then, the 
hydrated target and the dry target–ligand complex are com
bined, and the overlapping water molecules are removed. The 
hydrated complex is minimized to accurately set the orienta
tions of the hydrogen atoms of the water molecules. A short 
MD simulation is performed with an explicit solvent model to 
generate a set of ligand-binding modes on the target, driving 
the ligands and waters to the real (experimental) binding 
modes [108]. The closest to average ligand-binding mode is 
finally selected from all the MD frames as the representative 
binding mode [25].

4. Fine-tuning the thermodynamic and kinetic 
stability of ligand binding

Water contributes to the thermodynamic and kinetic stabiliza
tion of the target-ligand complexes, acting as a medium, net
work, or individual molecule (Section 2). The stabilization 
effect of conserved or displaced (Figure 1(a)) individual water 
molecules increases binding affinity measured by a change in 
the thermodynamic functions. The net effect is expressed as 
the Gibbs free energy change (ΔGb,lig) of the ligand-binding 
reaction (Equation. 1, for 1:1 stoichiometry, non-covalent com
plex formed), that is a sum of enthalpic (ΔHb,lig) and entropic 
(ΔSb,lig) contributions (Eq. 2, where T is the absolute tempera
ture) and, therefore, both types of contributions have to be 
considered in the stabilization of target-ligand complexes.

Conserved (Figure 1(a)) water molecules bridging between 
the target and ligand partners usually have a favorable con
tribution to ΔHb,lig [156] via H-bonds formed with both part
ners [157]. Useful practices of molecular engineering are 
shown on well-known drug targets in Figure 3. The incor
poration of a key water position (as an isosteric oxygen atom) 
into the ligand results in a more potent and/or selective 
compound (Figure 3(f)). Accordingly, the ligand is extended 
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by a hydrophilic group isosteric to the key interface water 
molecule. In other cases, the new ligands can form additional 
interactions with the target by displacing the key water 
molecules (Figure 3(c,d)). Water molecules can also fill 
empty spaces, and sometimes they are trapped in an ener
getically unfavorable hydrophobic environment in the bind
ing pocket [35]. The displacement of such ‘unhappy’ waters 
(Figure 1(a)) by a ligand has a favorable contribution to 
binding affinity via the release of waters into the bulk (des
olvation, Figure 3(c)) and a corresponding increase of ΔSb,lig 

[10]. In this case, the entropic gain can outweigh the (enthal
pic) desolvation penalty [162]. The enthalpic contribution of 
the new target–ligand interactions is more pronounced in 
the example of Figure 3(d). The design of blockers against 
influenza A viral ion channel is another good example, where 
the hydrophobic interior of the channel is not well druggable 
by small molecules [163], and an elongated bulky adaman
tane derivative capable of displacing all water molecules 
from the channel achieved a good potency against virus 
replication [164].

The number of good practices is increasing for calculating 
the contributions of the n-th individual water molecule to the 
solvation thermodynamics (ΔGb,wat, ΔHb,wat, and ΔSb,wat) of the 
solute (target/ligand) partners (Equation. 3).

Such approaches are especially applicable for congeneric 
ligand series to determine key hydration sites that should be 
targeted during drug design [35,144,165]. In the cases of small, 
static hydration networks (Section 2), the classification and use 
of individual water positions can support the design of 
a potent ligand. However, the thermodynamic effects of indi
vidual water molecules are not necessarily additive if they 
participate in a hydration network. For example, the simulta
neous displacement of all water molecules results in a smaller 
ΔGb,lig than the sum of ΔGb,wats of individually replaced water 
molecules [166]. Thus, the perturbation of local water sub-nets 
should also be considered during energy calculations, not just 
the displacement of individual water molecules [166].

Besides equilibrium thermodynamics, the reaction kinetics 
of drug binding is an equally important factor of pharmacolo
gical activity [167,168]. The association rate constant (kon) and 
the dissociation rate constant (koff) are two deterministic para
meters of binding kinetics. The residence time (τ) of a ligand 
(or a water) molecule on the surface of the target can be 
expressed as τ = 1/koff [167]. Waters can form H-bonds with 
hydrophilic residues (Figure 1(a)) and with each other [35]. The 
displacement of water molecules by the ligand (dehydration) 
requires breaking the H-bonds and crossing the correspond
ing energy barrier determined by ΔGb,wat of the interaction of 
the target and the individual water molecule (Equation. 3) 
under consideration. However, a correlation cannot be 
observed between τwat and ΔGb,wat, and τwat is rather deter
mined by the surrounding topography [8,57] and the overall 
dynamics of the protein. For example, a deep pocket on the 
target surface can trap water at the bottom and prevent the 
cooperative exchange of the trapped water molecules with 
others in the bulk. This may lead to a long τwat of the trapped 

waters even if they have a weak interaction (small negative 
ΔGb,wat) with the target [8,57].

In addition to the above target (de)hydration, water may 
directly modulate ligand-binding kinetics [168]. It can attack 
(and disrupt) H-bonding between the target and the ligand 
leading to dissociation, which is the reverse of the association 
process described in Figure 1(a). Local target topography can 
largely affect the outcome of the association/dissociation pro
cesses [8]. In the case of narrow binding pockets, there is not 
enough space for the simultaneous binding of water and 
a ligand. Ligand association (Figure 1(a)) starts with breaking 
target-water H-bonds, leading to a thermodynamic penalty, 
which is only asynchronously compensated later by the bind
ing of the ligand [8]. The thermodynamic penalty corresponds 
to an increased kinetic stability of the water molecules 
shielded by the narrow target pocket [8]. Similarly, ligand 
dissociation is also slower from a narrow binding pocket [8] 
that topologically shields the target-ligand H-bonds and pro
tects them from the intruder water molecules. The re- 
arrangement of water–water interactions in networks or the 
bulk can also contribute to the kinetic stability of target-ligand 
binding. The disruption of a single layer of water shell 
between the target and ligand poses a kinetic barrier to ligand 
binding [169]. On the other hand, the displacement of disor
dered water molecules from a poorly hydrated binding pocket 
is favorable [170]. The mobility (τwat) in water networks also 
affects the thermodynamic stability of large protein com
plexes. For example, in a complex of ATRX ADD histone reader 
and the trimethylated histone H3K9me3, a static sub-net of 
water molecules formed around the charged ligand side chain 
[9]. The static sub-net shields target-ligand H-bonds from the 
bulk solvent, leading to increased thermodynamic stability of 
the complex [9]. As a result, the dissociation constant of the 
ATRX ADD-H3K9me3 (trimethylated) complex is 7 times lower 
than that of ATRX ADD-H3K9me0 (non-methylated) [171].

Despite the importance of individual water molecules or 
their networks in ligand binding, experimental techniques are 
not available for directly measuring their thermodynamic/ 
kinetic effects. At the same time, instrumental techniques of 
net thermodynamics [1,27,33,172], and kinetics [173] of target- 
ligand binding are available and indispensable for the (indir
ect) validation of computation methods that calculate indivi
dual contributions of water molecules or their networks. 
Similar to the case of structural calculations (Section 3.2), the 
computational methods are based on physicochemical or 
knowledge-based algorithms (Table 2) described in the next 
paragraphs. The physicochemical approaches can work either 
at the molecular mechanics (MM) or quantum mechanics (QM) 
levels and apply implicit, explicit, and more recently hybrid 
water models that combine the advantages of the other two.

4.1. MM-level methods

Besides the structural performance, individual water mole
cules also influence the performance of predicting the ther
modynamic stability (scoring) of target-ligand complexes in 
docking calculations (Introduction). While there are routinely 
used (implicit) methods [188] for estimating bulk (de) 
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solvation effects (Section 2) based on the molecular surface 
area, the fast estimation of the ΔGb,wat of a certain water 
molecule or the corresponding hydration site of the target 
surface remains a challenge. The use of molecular volume 
(instead of the surface) proved to be effective [7] for the 
estimation of ΔGb,wat for a target atom (hydration site). This 
approach of Stouten et al. uses a fragmental volume of the 

atom and a set of atomic solvation parameters for six differ
ent atom types. The solvation term was implemented in the 
popular docking tool AutoDock [69,137,189] and widely 
applied, yielding realistic target-ligand complexes during the 
fast docking calculations without an explicit water model [7].

While implicit water models provide fast structural solu
tions, explicit water models are appropriate for calculating 

Figure 3. The effect of individual water molecules on ligand binding thermodynamics. (a) The inhibitor-bound (teal spheres) structure of thrombin (gray cartoon, PDB code 
2zda [158]). The black dotted rectangle borders the binding pocket featured in (b)–(d). (b) The binding pocket of apo thrombin (PDB code 3d49, grey surface) with 
a highlight on three important waters (red spheres) and two interacting amino acids (grey sticks). Red arrows indicate that the waters will be displaced or replaced by 
inhibitors. (c) Inhibitor 1a (teal sticks) contains a chlorine atom (sphere) and displaces all three water molecules, resulting in an unfavorable enthalpic contribution, 
a relatively small ΔHb,lig, and a larger entropic gain [159]. (d) Inhibitor 4 (teal sticks) with a guanidino group (spheres) displaces two water molecules and forms a strong salt 
bridge with D189, yielding a considerably more favorable ΔHb,lig than inhibitor 1a. The third water (of the three apo waters) is not displaced (smaller entropic gain) just 
shifted from the purple (apo) to the red (holo) position. (e) The inhibitor-bound (teal spheres) structure of the human immunodeficiency virus (HIV-1) protease enzyme (gray 
cartoon, PDB code 3spk [160]). The black dotted rectangle borders the active site featured in f. f) an HIV-1 protease (gray cartoon) inhibitor, tipranavir (teal sticks) bound to 
the active site of the enzyme. The positions of two water molecules in the apoenzyme (PDB code 1g6l [161]) are shown as purple spheres. The isosteric oxygen atoms of the 
inhibitor replace both water molecules upon binding and form favorable interactions with residues D25 and I50.
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thermodynamic and kinetic properties [190,191] that are 
often combined with MD. For example, the inhomogeneous 
fluid solvation theory (IST [192]) calculates the solvation free 
energy based on the solute–solvent interaction and reorga
nization in solvent–solvent interactions. The theory is based 
on fixing the solute in space, and then a solvent density 
fluctuation is observed around it. Additionally, calculations 
on the displacement of surface water molecules and the 
rearrangement of water networks upon ligand binding are 
also possible with IST [18]. WaterMap [120] applies IST and 
MD simulations, predicting hydration sites and their corre
sponding thermodynamic properties in binding pockets. 
After a short MD simulation, an occupancy-based clustering 
of hydration sites is performed and submitted to an IST 
analysis resulting ΔGb,wat. Applications of WaterMap [120] 
are surveyed in a recent review [145], along with some 
limitations: flexible-binding sites and buried hydration sites 

might not be mapped adequately, considerable computa
tional costs, water displacement energy calculations require 
a reference state, and electrostatic contributions are 
neglected during calculations. More advanced techniques 
must be involved for calculating ΔGb,lig as WaterMap does 
not work as a standalone scoring function [145,193]. The grid 
inhomogeneous solvation theory (GIST) [194] is 
a modification of IST, and treats the solute and its surround
ing solvent in a three-dimensional grid. GIST accounts for 
hydration sites separately and considers individual water 
positions and the corresponding binding thermodynamics 
[194]. While GIST calculations are accurate for the first hydra
tion layer (static sub-nets) around the solute, they are less 
successful for loosely bound hydration layers [195] (dynamic 
sub-nets). The solute is restrained to only one conformation 
[196], and therefore, its flexibility is neglected unless multiple 
calculations are performed [196].

Table 2. Calculation of thermodynamics of target-water and target–ligand binding.

Method name Features
Calculated 

quantity Water model
Year of 

publication

Molecular mechanics level
3D-RISM [130] Produces an average water distribution around the solute for calculation of thermodynamic 

parameters.
ΔGb,wat Explicit 1999

Barillari et al 
[34]

Double decoupling method with replica exchange thermodynamic integration in Monte- 
Carlo simulations.

ΔGb,wat Explicit 2007

WaterMap 
[120]

Hydration sites are produced by MD simulations, and an IST analysis is performed. ΔGb,wat Explicit 2008

SZMAP [36] Explicit water probe surrounded by implicit water model. ΔGb,wat,  
ΔSb,wat

Hybrid 2015

Quantum mechanics level
Nikitina et al. 

[174]
Semi-empirical, PM3. Predicted waters. ΔHb,lig Explicit 2004

Raha et al. 
[175]

Semi-empirical PM3 interaction energy combined with other MM terms. ΔGb,lig,  
ΔHb,lig

Implicit 2005

Nikitina et al. 
[176]

Semi-empirical, PM3. Predicted waters and COSMO. ΔHb,lig Hybrid 2006

Fanfrlik et al. 
[177]

Semi-empirical PM6-DH2-M-C level enthalpy, combined with rigid rotor harmonic oscillator 
entropy, and ligand desolvation calculation. COSMO and SMD.

ΔGb,lig,  
ΔHb,lig

Implicit 2010

Dobes et al. 
[178]

Semi-empirical PM6-DH2-M-C level enthalpy combined with rigid rotor harmonic oscillator 
entropy, and ligand desolvation calculation. COSMO and SMD.

ΔGb,lig,  
ΔHb,lig

Implicit 2011

Gonzalez et al. 
[179]

Semi-empirical PM7. ΔHb,lig Explicit 
(crystallographic)

2017

Ehrlich et al. 
[180]

HF-3c electronic energy, DFTB3-3D thermostatic correction with C-RS solvation free energy 
calculation. Crystallographic waters + COSMO-RS.

ΔGb,lig Hybrid 2017

Hylsová et al. 
[181]

DFT-D3 and PM6-D3X4-C levels in combination. ΔGb,lig Explicit 
(crystallographic 
and predicted)

2017

Pecina et al. 
[182]

Two levels of QM calculations to calculate interaction energy: semi-empirical PM7 and 
DFTB3-D3H4X.

ΔGb,lig Explicit 
(crystallographic)

2018

Horváth et al. 
[183]

Cuts out the target-ligand binding interface from the system and performs semi-empirical 
PM7 level calculations with the MOZYME linear scaling. Predicted waters + COSMO.

ΔHb,lig Hybrid 2019

QMH-L [53] Semi-empirical 1SCF PM7 level calculation on MM-level preoptimized complexes. 
A descriptor of elemental composition. Predicted waters + COSMO.

ΔGb,lig  

ΔHb,lig

Hybrid 2023

DOX_BDW 
[184]

Semi-empirical PM7 and DFT level. Predicted waters + COSMO. ΔGb,lig Hybrid 2023

Szél et al. [35] Semi-empirical 1SCF PM7 level calculation on MM-level preoptimized complexes. Predicted 
waters + COSMO.

ΔHb,wat Hybrid 2024

Lindahl et al. 
[185]

DFT single point energies, def2-TZVP basis set, ΏB97X-D functional for dispersion correction. 
SMD.

ΔGb,lig Implicit 2024

SQM2.20 [186] Semi-empirical PM6-D3H4X and MM-level preoptimized complexes. COSMO2 + some 
crystallographic waters.

ΔGb,lig Implicit 2024

Knowledge-based (AI)
ΔvinaXGB [187] Calculates Vina scores for water molecules. pKd,lig Crystallographic 

waters
2019

DeepWATsite 
[39]

Uses WATsite to calculate thermodynamics of waters at grid points. ΔHb,lig Explicit 2020

ECIFGraph:HM- 
Holo-Apo 
[41]

Trained on experimental data with an RMSD-based weighting. ΔGb,lig Explicit 2024
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Replica exchange thermodynamic integration and Monte- 
Carlo simulations with a double decoupling method were 
applied for the calculation of ΔGb,wat of individual water mole
cules binding to apoprotein structures by Barillari et al. [34]. 
The method performs a functional classification (Figure 1(a)) of 
water molecules. The distribution plots (Figure 4) show 
a remarkable shift of the ΔGb,wat of conserved waters toward 
the negative values if compared with the more positive 
replaced ones. SZMAP [36], a grid-based method places an 
explicit water molecule at grid points in the binding site and 
represents the rest of the solvent with a Poisson-Boltzmann 
implicit solvent model. The difference in binding thermody
namics between the explicit water and either a vacuum or an 
indifferent probe is calculated in the next step. It was shown 
that conserved and displaced (Figure 1(a)) water molecules 
can be distinguished based on their ΔSb,wat [36]. The methods 
of Barillari et al. and SZMAP are useful for designing ligands 
that can displace thermodynamically unfavorable water mole
cules from binding sites. Other grid-based methods including 
WaterFlap [132], 3D-RISM [130], HydraMap v.2 [144] are also 
available for the calculation of ΔGb,wat. HydraMap calculations 
are based on statistical potentials of protein–water interac
tions derived from experimental protein structures.

Computational calculation of binding kinetics data is chal
lenging, but it is an emerging approach in drug design [197]. 
Kinetics parameters such as kon and koff were calculated using 
explicit solvent MD simulations for cyclodextrin host-guest 
complexes with reasonable agreement with experimental 
data [198], and a distinction could be made between entropy 

and enthalpy-driven [198] binding events. The τ was calcu
lated using τ-random acceleration molecular dynamics with 
explicit solvent [199] for a series of heat shock protein 
(HSP90α) inhibitors and a good correlation (r2 = 0.86) with 
experimental τ data was achieved for 78% of the ligands [199].

4.2. QM-level methods

The neglect of electronic effects is a major limitation [200] of 
common MM-based approaches described in the previous 
section. For example, polarization is rarely considered in ther
modynamic/kinetic stability, which is disturbing considering 
that the large dipole moment of water predestinates its invol
vement in such effects. Quantum mechanics (QM) offers 
a more accurate description of the electronic effects of mole
cular interactions. The polarizability of the electron system at 
water molecules [35,53] and even exotic π stacking interac
tions of heterocyclic ring systems [201] are handled better by 
QM than MM methods. While the structural optimization of 
target-ligand complexes with explicit hydration is still time- 
consuming purely at the QM level, the calculation of target- 
ligand binding thermodynamics (scoring) is possible using QM 
[28,202]. As a hybrid solution, QM/MM methods have been 
developed and applied, and their limitations are well- 
described [203,204].

Recently, there has been an increase in fast-scoring techni
ques that use a (fragmented) [183] structural single point as 
input. Open-source semi-empirical QM programs like Mopac 
[205] can be applied very efficiently [206] for such calculations 

Figure 4. The distribution plots of ΔGb,wat and ΔHb,wat values of conserved and displaced water molecules. The ΔGb,wat curves were re-drawn from an MM-based study [34]. 
The ΔHb,wat curves were re-drawn using the data based on QM calculations [35]. Adapted from [34] and [35] with permission of the American Chemical Society.
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in combination with MM/MD programs [146] that provide the 
structural input. For example, QMH-L [53] uses an MM-level 
optimized structure as an input complemented with a hybrid 
solvation model of MobyWat [50] predicted explicit water 
molecules and COSMO [207] to calculate ΔHb,lig and ΔGb,lig. 
The calculations were performed at the semi-empirical PM7 
QM level, and a descriptor was introduced accounting for the 
entropic contributions. On 43 test systems, the QMH-L 
approach predicted binding affinity with a root mean squared 
error of 0.94 kcal/mol and an r2 of 0.6 [53]. Mopac-based 
single-point calculations were also introduced to calculate 
ΔHb,wat, and subsequent classification (Figure 1(a)) of water 
molecules in ligand binding [35]. An enthalpic threshold was 
specified to distinguish between conserved and displaced 
water molecules in binding pockets of important druggable 
targets. The conserved water molecules of the binding pocket 
of the human immunodeficiency virus (HIV-1) protease, and 
the ion channel of influenza A virus were identified in agree
ment with experiments [35]. Interestingly, the distribution of 
the QM-calculated ΔHb,wat values [35] (Figure 4) is very similar 
to that of the MM-calculated ΔGb,wat values of the previous 
study [34] discussed above. The similarity in the shift between 
the probability density curves of conserved and displaced 
waters may indicate that ΔHb,wat is a determining factor of 
classification between the two groups (Figure 4).

The ligand is usually not involved in the hydration thermo
dynamics (Equation 3) calculators (ΔHb,wat and ΔGb,wat in 
Table 2). However, some of these calculators aim to predict 
the role of individual waters in target-ligand binding taking 
only the unliganded target structure as an input. This is 
obvious that the binding of different ligands results in differ
ent hydration networks in the target–ligand interface seriously 
limiting the applicability of such target-based methods in 
decision-making for an individual water molecule. For an 
accurate decision, the involvement of the ligand and an MD 
simulation with all three partners (target, ligand, waters) 
would be necessary to solve this chicken-and-egg problem. 
The refinements can be performed for the best candidates. 
However, without such refinements, it is more realistic to 
emphasize that available target-based methods listed in 
Table 2 offer statistical help for decision-making, in this 
sense, they can provide a probability that the water molecule 
belongs to conserved or displaced classes as it was concluded 
in the above studies [34,35] (Figure 4).

Another method, SQM2.20 [186] combines a gas–phase 
interaction energy, solvation free energy, and entropic com
ponents, like the conformational change of the ligand, hand
ling the interaction interface at the semi-empirical PM6 QM 
level. However, the method considers explicit water molecules 
only for some systems. The SQM2.20 method achieved an r2 of 
0.69 [186] on 164 systems, similar to the above method QMH- 
L. Thus, an r2 of 0.6–0.7 is realistic for such approaches. 
DOX_BDW [184] is another QM-based method distinguishing 
displaced/conserved water molecules in ligand binding affinity 
prediction. The method decomposes the binding interface 
into layers where different levels of theory are applied. 
Explicit interface water molecules (predicted with a grid- 
based approach) were involved in the calculations. Scoring 
with DOX_BDW achieved a correlation of a Spearman r of 

0.66–0.85 with experimental affinity data, for different test 
sets [184]. Lindahl and Friedman applied [185] single-point 
density functional theory (DFT) QM calculations and an energy 
decomposition analysis to investigate the impact of protein 
chain selection on calculated ΔGb,lig if multiple chains (models) 
are present in a PDB structure. The authors conclude that due 
to the deviations of experimental structures, multiple protein 
chains should be considered in calculating ΔGb,lig [185].

4.3. Knowledge-based approaches

Comprehensive reviews of Kairys et al [28] and by Harren 
et al [208] are available on the recent progress of knowl
edge-based (machine learning, ML) scoring functions pre
dicting ligand-binding affinity. For example, ΔvinaXGB [187] 
incorporates explicit water molecules in an ML scoring func
tion. In the training set of the scoring function, protein- 
ligand complexes with target-bound water molecules were 
involved. Experimental water molecules within 3.5 Å of the 
target and with a negative Vina score [209] were kept in the 
training set of 3257 complexes. The validation set consisted 
of 315 complexes. The water-related scoring features were 
the number of bridging waters and Vina scores between 
water-target and water-ligand. On the CASF-2016 benchmark 
set the method performed with a Pearson r of 0.796 and an 
error of 1.32 in pKd units [187]. DeepWATsite [39] is based 
on a convolutional neural network that uses protein, ligand 
density, and hydration as inputs. These density data are then 
distributed in a 3D grid filling the binding site of the target. 
The MD-based WATsite [126] predictions produced the 
hydration data. The thermodynamic data generated by 
WATsite were included in the grid points. The 
ECIFGraph . . . etc. method [41] relies on water networks in 
apo and holo-structures constructed with HydraMap [150]. 
A graph is formed by protein, ligand, and water atoms as 
nodes, the nodes are connected by edges representing 
covalent or hydrogen bonds. The difference between the 
holo and apo graphs is evaluated by a graph transformer 
module. A combined ML/QM approach with an implicit 
Poisson-Boltzmann water model [210] showed a yet modest 
predictive performance of binding affinity when compared 
to benchmark methods [202]. The modest performance 
might be explained by the critical point-based approach in 
electron density to represent the target–ligand interactions 
or the lack of the calculation of the entropic contribution of 
the ligand [202].

5. Conclusions

The optimization of target–ligand interactions is a central 
question of drug design, and for this purpose, a precise under
standing of the coupled modulatory mechanisms of water is 
essential. The various local topographies of the binding part
ners correspond to different levels of networking and mobility 
in the hydration spheres. This results in rather controversial 
roles of water that can stabilize or destabilize the target– 
ligand interactions. In addition, water acts as a surrounding 
medium, making complex formation possible, but simulta
neously acts as an individual partner mediating binding 
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between protein and ligand. It continuously exchanges and 
migrates between the bulk and the solute (surface or inter
face) regions.

The present review discusses why the above features have 
rendered water a problematic factor in structure-based drug 
design. The problems of experimental determination of water 
structure were shortly sketched. We enumerated the physico
chemical and knowledge-based (AI) methods offering practical 
answers to the structural challenges. A set of good practices 
was collected that can quantify the contribution of individual 
water molecules to the thermodynamic stability of the target- 
ligand complexes. We gave an overview of the use of water 
molecules in computational docking and recent scoring meth
ods for calculating target-ligand complex stability at MM and 
QM levels.

6. Expert opinion

Structural biochemists and drug designers have long consid
ered water a problematic factor. Indeed, it is rather difficult to 
account for the effects of water due to its small size, large 
mobility in bulk, and other unique physicochemical character
istics that render this molecule so important on our planet. 
The particular problems with water can be further specified for 
the case of target-ligand binding, the heart of structure-based 
drug design, as follows.

(1) Explanation of water effects very often requires both 
thermodynamic and kinetic approaches also account
ing for the topography [57] (local surroundings) of 
a water molecule.

(2) The topographical issues become even more complex 
for large water networks (on the target surfaces or in 
PPI interfaces) that are often very dynamic and difficult 
to handle (Section 2). The calculation of the effects of 
individual waters in small, static sub-nets is relatively 
well-described (Section 4).

(3) The competition between the ligand and water mole
cules (Figure 1(a)) imposes a ‘chicken-and-egg’ chal
lenge and limits the applicability of computational 
docking (Section 3) and thermodynamic classification 
(Section 4) methods.

(4) The limitations of experimental structure determination 
techniques (Section 2).

(5) Lack of experimental methods for measuring the effects 
of individual water molecules on the stability of target- 
ligand complexes (Section 4).

With advances in rapid computational algorithms and a better 
understanding of the physicochemical machinery of complex 
formation, theoretical approaches have resulted in elegant 
and cost-effective tools and tricks that address the above 
challenges. For example, it can be foreseen how conserved 
water molecules can bridge or fill void spaces in the target– 
ligand interface, and it is even possible to incorporate the 
water into a new, improved ligand in the form of an isosteric 
functional group (Section 4). Thus, in the hands of a skilled 
(and lucky) drug designer familiar with the (combination of) 

good practices presented in the previous Sections, water can 
easily become a Jolly Joker.

Despite the amazing developments described in the pre
sent review, adding water to target-ligand binding remains 
one of the greatest challenges affecting various fields of drug 
design [211]. Although physicochemical methods offer reli
able hydration structures in many cases, they are also limited 
by the lack of modeling electronic contributions to H-bonds, 
as commonly used MM force fields rely on simple Lennard- 
Jones and Coulomb terms. Hopefully, this limitation will be 
overcome by polarizable force fields and better water models 
[212–215]. Further improvement of accuracy can be 
expected, especially in the case of MD-based methods apply
ing explicit water models. While AI-based emerging technol
ogies have much to offer, serious concerns were raised about 
their applicability in drug design [91,216] and computational 
docking [217]. In the case of ligand docking and water 
structure prediction, the weakest point of AI-based technol
ogies is probably the training set. The chemical universe 
[218] offers enormous libraries of different ligand molecules 
(fragments) for HTS campaigns that would require teaching 
an astronomical number of target–ligand interaction situa
tions, which is impossible to undertake (because of a lack of 
appropriate training data). Similarly, the number of different 
target/ligand–water interaction situations is also tremen
dous. Thus, the presence of the ligand would impose an 
intractable challenge for AI, and a combination of physico
chemical approaches with AI would become necessary. 
However, the AI-based calculation of the water structure of 
common protein or DNA targets may be a realistic alterna
tive for further improvements. Furthermore, the uncertainty 
of ligand and water positions is a rather annoying feature of 
many experimental structures, and it will persistently hamper 
the assembly of proper structural training sets for AI. 
Notably, physicochemical (first principle) methods do not 
have such limitations and can be used even to correct struc
tural errors in experimental or AI-derived structures 
[219–221].

Besides the expected further improvement of the emerging 
machine learning techniques, physicochemical methods 
remain indispensable for calculating water-mediated interac
tions. The target-based predicting of the role of water in 
target-ligand binding without the ligand is a chicken-and- 
egg problem most precisely answered using MD simulations 
in which all three partners (target, ligand, and waters) are 
present. Fast QM-based scoring schemes will increase the 
accuracy of the calculation of drug binding affinity. The further 
development of such physicochemical methods and their 
combination with machine learning [222] will likely increase 
the success rate of drug design projects in the next decades. 
By overcoming the technical pitfalls of drug design, water 
transforms from a frustrating challenge into a handy tool in 
fine-tuning drug–target interactions.
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