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Computer-based methods for predicting the structure 
of ligand–protein complexes or docking algorithms 
have application in both drug design and the eluci-
dation of biochemical pathways. The number of 
solved structures of ligand–protein complexes now 
permits the testing and validation of docking algo-
rithms, by comparison of predicted complexes with 
structures extracted from protein databases. This 
paper outlines the methodologies and compares their 
performance in predicting the structure of ligand–
protein complexes. 

COMPUTER-aided methods for the identification and charac-
terization of ligand–protein interactions have undergone 
considerable advances in the past decade. Ligand docking 
and screening algorithms are now frequently used in the 
drug-design process, and have additional application in 
the elucidation of fundamental biochemical processes. 
There are several well-established docking algorithms 
which have been previously reviewed1,2, as well as many 
more recently introduced methods. 
 The purpose of docking algorithms is now expanding 
beyond the original goal of fitting a given ligand into a 
specific protein structure. Newer applications include data-
base screening, lead generation and de novo drug design. 
Each of these applications can be used for the identi-
fication of novel protein inhibitors. Lead generation and 
database screening search a large database of known che-
micals for compounds having a moderate to strong 
affinity for the target protein. The identified set of com-
pounds can be used for the construction of novel inhibi-
tors with high affinity and specificity for the target 
protein. De novo drug design is a computer-based method 
of designing potent inhibitors3–6, where possible inhibi-
tors are assembled piecewise within a given binding 
pocket, from a set of chemical fragments within a mole-
cular fragment library. While the methodology underly-
ing single ligand–protein docking and database screening 
is quite similar, the criterion by which they are judged 
differs. A database search algorithm is required to be able 
to screen many thousands of possible ligands in a rea-
sonable time period, typically no more than several days. 
This entails an upper limit on each docking of no more 

than a few minutes. However, if a specific ligand–protein 
interaction is to be rigorously modelled, accuracy is the 
primary concern, with the algorithm execution time a 
secondary factor. 
 Protein–protein docking methodology has considerable 
overlap with that of ligand–protein docking; however, 
differences between the two docking tasks have resulted 
in most algorithms being intended for either one purpose 
or the other. The methods discussed in detail here are 
generally intended for ligand–protein docking. The issues 
faced in designing docking algorithms have been revi-
ewed2,7–9. This review will focus on recent papers testing 
the performance of the various docking algorithms cur-
rently available. 
 A docking procedure consists of three interrelated 
components: identification of the binding site, a search 
algorithm to effectively sample the search space (the set 
of possible ligand positions and conformations on the 
protein surface) and a scoring function. Most docking 
algorithms rely on the binding site being predefined, so 
that the search space is limited to a comparatively small 
region of the protein. This is often a reasonable assump-
tion, as the location of the binding region of the protein 
can frequently be inferred from comparison with other 
known protein structures or biochemical constraints. The 
binding site may be identified by comparison with the 
protein co-crystallized with a different ligand, or com-
parison with proteins of similar function. In the absence 
of a priori information, putative docking sites may be 
identified by cavity detection programs10,11. 
 The search algorithm must effectively sample the search 
space of the ligand–protein complex, i.e. the translation, 
rotation, and conformation space of the ligand relative to 
the protein. However, for even moderate sampling incre-
ments, a search of all possible combinations within the 
search space results in the number of combinations, being 
frequently in the billions. For example, given a ligand 
with ten rotating bonds, sampled in 60° increments, there 
are over 107 possible conformations in the rotation space 
alone. Thus a search algorithm must be able to effec-
tively sample regions of the search space in the vicinity 
of the correct solution, without an exhaustive search of 
all conformations and orientations. 
 The scoring function used within docking algorithms 
has two roles – as a target function for the search algo-
rithm (a quantity to be optimized), and to give a ranking  *For correspondence. (e-mail: brendan.mcconkey@weizmann.ac.il) 
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to the set of final solutions generated by the search. 
Ideally, the combination of the search algorithm and the 
scoring function should result in a single solution close to 
the actual ligand position. In practice, docking algorithms 
are tested for their ability to reproduce known ligand 
conformations in an X-ray crystal structure within a 
given margin, and to recognize one of the conformations 
closest to the experimental structure as the best solution. 
 Several of the most common types of search algo-
rithms and scoring functions are briefly described here. 
The different methods mentioned are not strict divisions, 
as many docking programs combine aspects from two or 
more search algorithms. 

Search algorithms 

Random search 

In a random search, a large set of random ligand posi-
tions and conformations are generated, and those ligand 
poses are ranked with a suitable scoring function. A true 
random search of the translational, rotational, and confor-
mational space of a ligand–protein pair is usually 
effective only if both protein and ligand can be treated as 
rigid bodies. This method, if used alone for ligand–
protein docking, is less successful than the more know-
ledge-based algorithms12. It is however frequently used as a 
starting point for other algorithms, where a set of ran-
domly positioned and oriented ligands are then refined or 
optimized using other search and minimization techniques. 

Rigid body docking 

The first search algorithms for docking used the rigid 
body assumption, where ligand and protein flexibility 
was not explicitly considered. This limits the search 
space of the algorithm to three translational and three 
rotational degrees of freedom, greatly reducing the num-
ber of possible complexes to test. Within a rigid body 
docking algorithm, ligand flexibility could be addressed 
by using a set of possible ligand conformations, or 
allowing for a degree of atom–atom overlap between the 
protein and ligand. If used alone, the utility of rigid body 
docking is limited to ligands without numerous rotating 
bonds, as the number of possible ligand conformations to 
be tested increases exponentially with each additional 
rotating bond. DOCK13 was one of the first docking 
algorithms to be widely used, and the initial version was 
a rigid body procedure. An algorithm based on rigid body 
methodology, but accounting for limited protein and ligand 
flexibility is LIGIN14. Some recent shape-based pro-
cedures for protein–protein docking, such as FTDOCK15 
and QSDOCK16, are essentially rigid body procedures. 
The rigid body assumption is comparatively well suited 
to protein–protein docking, as the number of possible 

conformations and orientations of protein side chains 
makes the explicit consideration of protein flexibility gene-
rally infeasible. While most current docking algorithms 
have some method of addressing ligand flexibility, many 
use a rigid body approximation for the protein receptor. 

Simulated annealing 

Simulated annealing is based on a model of cooling 
processes. In the model, the initial state of the system has 
random thermal motion within a specified potential force 
field. The effective temperature of the system (the degree 
of random motion) is decreased over time, until a final 
stable docked position is obtained. The random motion of 
the ligand allows for exploration of the local search 
space, and the decreasing temperature of the system acts 
to drive it to a minimum energy. One of the most widely 
used simulated annealing procedures is the Metropolis 
Monte Carlo simulated annealing algorithm17. In this 
algorithm, a given set of parameters representing the cur-
rent location, orientation and conformation of the ligand, 
is modified by random perturbation of the parameters. 
The new set is scored, and if it is better than the previous 
score it is kept; if not, it has a probability of being kept, 
and the probability is a function of the change in score 
and the effective temperature of the system. The process 
is repeated, and the temperature is systematically lowered 
to simulate an annealing process. Simulated annealing 
which has been applied to numerous docking proce-
dures18–24, was used by an earlier version of AutoDock25, 
and in a comparative study26 of simulated annealing 
versus two other global optimization algorithms. 

Genetic algorithms and evolutionary programming 

Genetic algorithms are loosely modelled on concepts bor-
rowed from Darwinian evolution – survival of the fittest 
and decent with modification. In a genetic algorithm, 
there is a population of solutions that undergo unary 
(mutation) and higher order (crossover) transformations. 
The newly generated solutions undergo selection, biased 
towards the most fit among them27. The algorithm main-
tains a selective pressure towards an optimal solution, 
with a randomized information exchange permitting exp-
loration of the search space28. Examples of application  
of genetic algorithms to docking procedures include 
GOLD29,30, AutoDock31, DARWIN32, in Judson et al.33, 
and in combination with the DOCK suite of programs34. 
The application of genetic algorithms to drug design has 
been reviewed35,36. 
 Evolutionary programming algorithms are related to 
genetic algorithms in that there is a selection pressure 
and mutation operators. However, there are no crossover 
operators for exchange between intermediate solutions. 
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Instead, each individual in the population has an associa-
ted set of parameters for guiding the mutations, which 
can vary over time. Execution stops after a given number 
of generations. Evolutionary programming has been 
discussed12,37,38 and applied to ligand docking39,40. 

Tabu search 

Tabu search is a more recently developed search algo-
rithm, which combines a minimization procedure with 
restrictions on the search path, such that the solution is 
forced into previously unexplored regions of the search 
space41,42. It proceeds stepwise from an initial solution, 
while maintaining a list of previous solutions. The list of 
previous solutions provides both a ranking of solutions 
and a partial record of explored regions of the search 
space. The Tabu algorithm generates a set of N new 
solutions from the previous solution, and one of the N 
solutions is kept. A solution is added to the list if it is the 
best solution so far, or the solution explores a new region 
of the search space. The efficiency of the Tabu search has 
been compared to that of genetic algorithms, evolutionary 
programming, and simulated annealing12. The Tabu 
search has been used in the PRO_LEADS43,44 docking 
algorithm, and in conjunction with genetic algorithms45. 

Incremental construction 

Incremental construction algorithms use a piecewise 
assembly of the ligand within a defined binding pocket in 
the receptor. Rigid fragments are generated from the 
ligand by breaking it at rotating bonds, to create a set of 
fragments to be used by the docking algorithm. One or 
more of these fragments, usually the largest, is selected 
as the starting fragment and is docked to the receptor. A 
set of possible docked orientations for this fragment is 
kept, and other fragments are added in various orienta-
tions and scored. This process is repeated until the entire 
ligand is assembled. Docking applications using incre-
mental construction include FlexX46, Hammerhead47, 
HOOK48, and as a component of DOCK4.0 (ref. 49). De 
novo ligand design algorithms using incremental con-
struction include LUDI50 and GROWMOL3,51. 

Matching algorithms 

Several docking procedures have been classed here as 
matching algorithms, as they share the common method 
of aligning structural features of the protein and ligand. 
The constraints on the matching algorithm can be based 
on shape and/or chemical information. Frequently, com-
plementary atom types such as hydrogen bond donors 
and acceptors are paired between the protein and ligand. 
Clique detection, a pattern-matching technique from 
graph theory52, can be used to match structural features 
of ligands and receptor pockets. For example, a set of 

atoms with given chemical properties can be matched to 
a set of complementary atom positions within the binding 
pocket, and the inter-atomic distances between ligand 
atoms provide constraints on solution set. Generally these 
algorithms are applied to a rigid body or sets of rigid 
bodies representing possible ligand conformations. Another 
approach uses geometric hashing, a procedure used in 
object recognition within computer vision algorithms53–55. 
Pattern-matching algorithms for ligand-docking include 
DOCK13 and FLOG56; pattern matching has also been 
used for protein–protein docking55,57,58. 

Scoring functions 

Given a molecular docking algorithm, a means is required 
to identify the best of a set of possible solutions. This 
usually takes the form of a scoring function, in which the 
structural parameters of the ligand and protein are used to 
estimate the strength of the interaction. The scoring 
function can be used to rank the possible solutions, and if 
the scoring function is expressed in terms of free energy, 
to provide an estimate of the binding affinity as well. The 
components and accuracy of scoring functions have been 
reviewed59,60. 

Free energy perturbation 

Free energy perturbation methods61,62 are the most rigo-
rous for calculating binding affinities. These methods are 
quite time-consuming, as they require molecular dyna-
mics simulations and the intervention of a knowledgeable 
user60. Execution time per ligand–protein conformation 
varies from minutes to hours of computation time. The 
accuracy of these methods is still dependent upon a reli-
able parameterization of energetic terms, such as dielectric 
constants and van der Waals weighting factors63. The 
current application of free energy perturbation methods 
to database searching or ligand–protein docking is limi-
ted, as an automated search procedure for ligand docking 
should not require user intervention or extensive mole-
cular simulations. They may however be used to refine 
affinity estimates of predicted complexes obtained from 
docking algorithms. 

Partition of energy terms 

The most common means of estimating a binding affinity 
to be used as a scoring function is by partitioning of the 
free energy into recognizable components. The number 
and type of terms vary between scoring functions, but in 
general there are terms for hydrogen bonding, van der 
Waals, electrostatic and hydrophobic interactions, and 
entropy penalties. Methods of this type comprise the bulk 
of the scoring functions in use. The distance dependence 
of each of the terms is estimated based on theoretical 
considerations, and frequently is similar in form. For 
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example, the Lennard-Jones 6–12 potential is usually 
used for estimation of van der Waals interactions, 
whereas a coulombic term with a distance-dependent 
dielectric is used for modelling electrostatic interactions. 
The weighting of each of the interaction terms is esti-
mated by fitting a regression model to a test set of 
ligand–protein complexes with known binding affinities. 
Whether the dependence and magnitude of these terms 
are valid for ligand–protein complexes outside of the 
original training set remains a matter of debate. A good 
data set of X-ray crystal structures and corresponding 
experimental binding affinities is required for estimation 
of parameters. Additionally, the database would be large, 
with several hundred entries of diverse type, and binding 
affinities ranging over several orders of magnitude. 
 One of the first and most widely used partitioned 
energy functions for docking was LUDI64,65. Other scor-
ing functions are based on CHARMM66, AMBER67, and 
the Merck Molecular Mechanics Force Field68–70. The 
performance of empirical potentials such as these has 
been compared71, and some of the theoretical considera-
tions underlying scoring functions discussed60. 

Knowledge-based scoring functions 

These functions are based on statistical analysis of pair-
ing frequencies of atoms within known ligand–protein 
complexes, with the underlying assumption that the more 
favourable an interaction is, the greater the frequency of 
occurrence. This can be translated into a statistically 
based scoring function without the need to fit regression 
parameters. These methods have been successfully used 
in protein-folding studies72–74. There remains some con-
fusion between the terms ‘knowledge-based potentials’ 
and ‘potential of mean force’. A true potential of mean 
force is based on the theory of liquids and is derived from 
statistical mechanics75,76. The underlying assumption of 
knowledge-based potentials is that the relative positions 
of the atoms approximately follow the Boltzmann dis-
tribution with respect to energy, and that the total inter-
action can be approximated by the sum of pairwise 
potentials77. This is not strictly applicable to protein-
folding and docking, as the positions of atoms within a 
protein and ligand are correlated though secondary and 
tertiary structure. However, using methods analogous to 
that for calculation of a potential of mean force in 
liquids, effective scoring functions for ligand–protein 
interactions may be derived. The relationship between a 
potential of mean force as a defined quantity in physical 
chemistry and knowledge-based scoring functions has 
been critically discussed78,79. 

Complementarity functions 

Several types of scoring functions do not explicitly 
estimate a binding energy, but instead calculate a score as 

a non-energetic measure of the geometric, chemical or 
electrostatic fit of the ligand and receptor. Methods based 
solely on geometric complementarity or shape-fitting alone 
have been shown to be successful, particularly for protein– 
protein docking59,74,80,81. Recently, shape-based methods 
have been used to dock rigid ligands by means of qua-
dratic shape descriptors16. 
 Other complementarity measures can be used in addi-
tion to shape, such as electrostatics and matching of 
atomic surfaces by chemical type. Calculation of the 
electrostatic complementarity of biomolecules has been 
made possible by the development of fast numerical and 
computational methods to solve the Poisson–Boltzmann 
equation82, allowing estimates of protein electrostatic 
field estimates to be used in docking procedures83. The 
electrostatic and shape profile of a protein has been 
effectively represented by Fourier transforms, and has 
been applied to protein–protein docking15,84. Surface 
complementarity has been further subdivided according 
to the atom types in ligand docking14,85. This method has 
also been used for identifying and categorizing ligand–
protein and protein–protein interactions (LPC and CSU 
software)86. Another algorithm using a combination of 
shape and chemical type is HOOK48. Shape complemen-
tarity has also been used as part of a two-stage protocol, 
where the ligand is first docked based on shape, and then 
an energetic potential is used to refine the structure45. 

Validation of docking procedures 

An objective comparison of docking methods is not com-
pletely feasible, as results are highly dependent upon the 
ligand–protein complexes used as a test set, the para-
meter settings used for the different algorithms, and simi-
larity of the test complexes to the training set used to develop 
the scoring function. Still, it is informative to look at the 
successes and drawbacks of the various methods. 
 There are relatively few instances in the literature of 
completely independent tests of docking algorithms. One 
such test was the docking component of Critical Assess-
ment of Techniques for Protein Structure Prediction 
(CASP2)87,88. The CASP2 docking section presented a set 
of target ligand–protein complexes for solved but not 
publicly released structures. The basis for comparison of 
the docked results was root mean square deviations 
(RMSDs) from the experimental structure. It was noted 
that there is a trade-off between the accuracy and speed 
of docking algorithms88, and thus RMSDs, while pro-
viding a quantitative measure of accuracy, are not the 
only means by which docking algorithms should be judged. 
For the docking section, nine research groups submitted 
predictions for seven ligand–protein complexes. 
 The use of known structural or sequence information 
can help determine the binding site for the targets, and 
was applied to varying degrees in the submissions to 
CASP2. A more rigorous test of automated docking 
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algorithms would involve a search of the entire protein89, 
or incorporating binding site identification algorithms to 
the docking procedures. In the CASP2 experiment, no 
single docking method seemed to consistently perform 
best88. Using the rather strict criterion of a weighted 
mean RMSD less than 2 Å, none of the groups made 
more than one correct prediction out of seven for the 
small molecule targets. About half of the submitted solu-
tions met the criterion of an RMSD less than 4 Å. It was 
noted that the predicted ligand positions closest to experi-
mental results were not always ranked the highest. If the 
results are compared to more recent versions of docking 
algorithms, the benchmark set by the CASP2 competition 
has been exceeded, as docking procedures continue to be 
refined. 

Rigid body/minimization algorithms 

The core algorithm of earlier versions of DOCK used a 
graph-based pattern-matching algorithm for the position 
and orientation of a ligand in a binding pocket, and trea-
ted the ligand and receptor as rigid bodies13. The algo-
rithm was updated with the addition of chemical 
matching parameters to the previously used shape-based 
matching90, improving of the ranking of known inhibi-
tors. In the development of the most recent version of 
DOCK, several different pattern-matching algorithms 
were compared49. The best performing one, an exhaustive 
single graph matching algorithm, was incorporated into 
DOCK4.0. Ligand flexibility is accommodated within 
DOCK4.0 by either docking multiple rigid conformers or 
an incremental construction algorithm. Conformers can 
be minimized using the AMBER force field91,92, which 
has energetic terms for bond angle, bond length, torsion 
angle, plus van der Waals and electrostatic interactions. 
The test set used in the paper by Ewing and Kuntz49 
docked a selected set of predominantly rigid ligands to a 
set of five proteins of known structure. The test was 
intended to compare the efficiency of the various search 
algorithms used, and thus compared the speed and 
accuracy of convergence of the methods. The results were 
not quantitatively compared to known ligand–protein 
complexes. As a rapid search procedure, DOCK4.0 is 
well suited to database screening for lead compounds. 
 The rigid docking algorithm of DOCK 3.5 (ref. 13) 
was used in conjunction with multiple low-energy con-
formers, torsional searching, energy minimization and 
simulated annealing93. Here, a grid-based method was 
used to sample the conformation space of the ligand and 
select low-energy conformers for rigid docking. The set 
of low-energy conformers was docked using DOCK3.5, 
with some initial modifications to the scoring function. 
The usual van der Waals potential was replaced with a 
‘soft’ van der Waals term, scaled down by a factor of 
1000 to allow some overlap of ligand and protein atoms. 

The initial docked solution was minimized using the 
AMBER95 force field92 with a distance-dependent die-
lectric. The minimization removed poor van der Waals 
contacts from the ‘soft’ docking. However, as the mini-
mization procedure could not surmount local energy 
barriers, torsional scanning and a short, simulated 
annealing procedure was used to explore the search space 
in the vicinity of the initial docked position. The stepwise 
search procedure93 was tested on a set of twelve ligand–
protein complexes, that had previously proved trouble-
some in earlier studies of docking algorithms94,95. Each of 
the twelve ligands was docked with a range of RMSDs of 
0.64 to 2.01 Å, for the top-ranked solutions. Execution 
time was 20 to 40 min on an SGI/R10000 195 MHz 
workstation, for moderately sized ligand containing eight 
to ten rotating bonds. Although the solutions ranked first 
were close to the experimental ligand position, the closest 
structure to experimental was not the top-ranked solution 
in five of twelve cases. 
 Another rigid body pattern-matching algorithm is 
FLOG (Flexible Ligands on a Grid)56. A clique detection 
algorithm is used to match ligand atoms to grid points, 
generating a trial position and orientation of the ligand in 
the binding pocket. Flexibility is handled by selecting up 
to 25 conformations of each ligand. The initial solutions 
obtained are minimized using a simplex-based procedure. 
Using dihydrofolate reductase as a sample case, FLOG 
was able to correctly identify known inhibitors from 
within a large database. 
 The docking algorithm LIGIN14 uses a scoring func-
tion based on contact surface areas85. Two of the most 
important energetic interactions occurring between a pro-
tein and ligand in docking are desolvation and hydro-
phobic interactions, both of which are highly correlated 
with surface areas96,97. Furthermore, surface contact areas 
of polar atoms can approximate electrostatic inter-
actions98. The scoring function used in LIGIN is based on 
complementary atom types, such as hydrophobic–hydro-
phobic interactions and hydrogen bond donor–acceptor 
pairs. The initial docking procedure is similar to DOCK, 
in that it is a rigid body placement algorithm, and may 
also be used to dock ligand fragments. The search 
method proceeds from a large set of random starting 
positions, then uses a flexible polyhedron search algo-
rithm99 for optimization of the area-based complemen-
tarity function. Limited protein side-chain flexibility is 
accounted for by allowing a degree of steric overlap with 
receptor residues. In the paper introducing LIGIN14, a 
test set of 14 ligand–protein complexes was used to vali-
date the search procedure. For the top-ranked solutions, 
13 of 14 ligands were docked within 2.0 Å RMSD. The 
study also involved the docking of ligands into aporecep-
tors (proteins crystallized without a ligand). If apoprotein 
dockings are included, the total success rate is 15/18. 
This compares well with those generated by other dock-
ing algorithms. 
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 As part of the CASP2 experiment, LIGIN was used as 
an ab initio docking algorithm89, in which no prior infor-
mation about the binding site or structural similarities to 
known ligand–protein complexes was used. This strategy 
differs from the approach used by other docking algo-
rithms, as most require user intervention to define the 
binding pocket. This can be a reasonable assumption in 
many cases, but in some cases the binding site is not 
known, and a search of the entire protein surface is 
required. The performance of LIGIN was comparable 
with the other submissions to the CASP2 docking sec-
tion. In six of seven cases, LIGIN correctly determined 
the binding pocket on the protein surface, and in two of 
those six cases, the ligand was docked to within 4.0 Å of 
the crystal structure. It was found that LIGIN performed 
best when there was a high degree of shape comple-
mentarity, and the ligand and protein had a high degree 
of surface contact. The typical run time of the LIGIN 
algorithm was 20 min on a SGI Indigo 150 MHz system. 
Implementation of a genetic algorithm and a refined scor-
ing function based on LIGIN methodology is currently in 
progress (Najmanovich and McConkey, unpublished). 

Incremental construction algorithms 

The FlexX program95 uses a rapid incremental construc-
tion algorithm to assemble the ligand in the binding 
pocket. The scoring function is based on that of Bohm65, 
and estimates the interaction energy as a sum of terms for 
electrostatic interactions, directional hydrogen bonds, 
rotational entropy, and aromatic and lipophilic inter-
actions95. The receptor is treated as a rigid body, and the 
binding site is user-defined. In the CASP2 evaluation of 
docking algorithms88, it was the fastest algorithm, mak-
ing it well suited to database screening. The placement of 
the initial ligand fragment is done using a hierarchical 
pattern-matching algorithm, which matches hydrogen 
bond donor/acceptor pairs, metal ions/metal acceptors, 
and aromatic ring interactions between the ligand and 
protein. The initial validation set contained 19 complexes 
with 0 to 17 rotating bonds. Each of the docking runs 
contained solutions within 1.20 Å RMSD in the ranked 
list, though the solution closest to the experimental result 
was not always ranked first. Fourteen of 19 complexes 
(74%) had the top-ranked solution within 2.0 Å RMSD of 
the experimental structure95. 
 The FlexX algorithm was later modified to include 
hydrophobic interaction types in the base placement 
algorithm100, resulting in a slight improvement of the 
algorithm performance. For the given test set, the 
percentage of first rank structures docked within 2.0 Å 
increased from 64 to 70%. FlexX was recently validated 
with a much larger test set consisting of 200 diverse 
ligand–protein complexes46. The test set consisted of 
ligands with 0 to 36 rotating bonds and 5 to 65 non-

hydrogen atoms. Computation time was 0.1 s to 8.2 min 
per ligand–protein combination on a 296 MHz work-
station, with an average run time of 93 s. Forty-seven per 
cent of the top-ranked solutions had an RMSD of less 
than 2.0 Å. The success rate increases to approximately 
80% if only ligands with less than 15 rotating bonds are 
considered. If the criterion is expanded to include any 
generated solution and not just the first-ranked, FlexX 
had a 91% accuracy for less than 5 rotating bonds, 77% 
for 5–15 rotating bonds, and approximately 25% 
accuracy for more than 15 rotating bonds. The overall 
accuracy for solutions of any rank was 70%. The scoring 
function was successful at identifying the ligand pose 
closest to the experimental result in many but not all 
cases, suggesting that there is potential for improvement 
of the scoring function. 
 FlexX has been used within a two-stage protocol101, 
where the initial set of FlexX solutions are minimized 
then re-ranked using a more precise force field. The force 
field used for re-ranking was composed of a pairwise 
potential modelled using the CHARMM22 force field66, 
an electrostatic term from the solution to the Poisson 
equation82,102, and a solvation term proportional to the 
total non-polar, solvent-accessible surface area. The test 
set included ligands previously found to be problematic 
to FlexX. In the results for eight complexes, the average 
RMSD using the re-ranking procedure decreased from 
4.65 to 1.66 Å. For three of eight cases tested, it was 
necessary to introduce explicit crystallographic waters to 
the docking site to obtain good results. Without the 
explicit waters, the initial and final mean RMSDs of the 
eight complexes are 2.53 and 5.12 Å respectively. To 
address the problem of explicit waters, FlexX has been 
extended with an algorithm for integration and placement 
of water molecules during docking103. The incorporation 
of the water placement algorithm did not result in a 
significant improvement in performance, but was able to 
predict the location of waters involved in docking in 
several instances. 
 Knegtel et al.104 compared the incremental construc-
tion algorithms of DOCK4.0 and FlexX, using 32 throm-
bin inhibitors. For this receptor, neither algorithm per-
formed particularly well, with an accuracy of only 10 to 
35% for top-ranked solutions within 2.0 Å RMSD of the 
experimental structure. The chemical scoring within 
DOCK outperformed both DOCK energy scoring and the 
FlexX potential. In a related study, DOCK was used to 
search a database for ligands which bind to thrombin or 
the progesterone receptor105. It was found that the energy 
scoring was more effective at identifying thrombin 
inhibitors, and chemical scoring was more effective for 
docking to the progesterone receptor. This demonstrates 
that the choice of test set and receptor can have a signi-
ficant effect on the performance of the scoring functions. 
 Another incremental construction algorithm introduced 
within the last five years is Hammerhead47. The Hammer-
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head program has three parts: a protein ‘pocket finder’, a 
scoring function, and a fragment based alignment and 
conformational search procedure. The scoring function is 
based on that developed by Jain106. The incremental con-
struction algorithm initially divides the ligand into large 
pieces until the fragment is less than 20 atoms or has less 
than three rotating bonds. The protein is treated as a rigid 
body, and the degree of overlap of ligand and protein 
atoms is used to screen predicted complexes. The screen-
ing allows for a threshold amount of ligand and receptor 
inter-penetration, mimicking a degree of protein flexi-
bility. As a test of the algorithm a database of 80,000 
compounds was docked to the receptor strepavidin, and 
biotin, the ligand with the highest known affinity, was 
ranked first. Four moderate to strong binding ligand–
protein complexes, including biotin/streptavidin, were 
used to test the docking algorithm and scoring function 
within Hammerhead. The binding affinities of the four 
ligands were predicted within 1.3 log Ki units, and all 
first ranked solutions were within 1.8 Å of the crystal 
structure. Typical run times are 0.3 to 6.7 min on an SGI 
R4400 150 MHz processor. 

Genetic algorithms 

Morries et al.31 have compared two types of genetic 
algorithms with the simulated annealing algorithm used in 
previous versions of AutoDock (refs 25 and 94). The first 
genetic algorithm procedure tested was a conventional 
genetic algorithm, with a set of variables specifying the 
ligand position, orientation and conformation, acted upon 
by crossover, mutation and selection operators. The 
second algorithm was a ‘Lamarkian’ genetic algorithm, 
which incorporates a local minimization procedure for a 
given fraction of the population. The three algorithms 
were tested with a set of seven ligands containing zero to 
eight non-hydroxyl rotating bonds and nine to 46 non-
hydrogen atoms. As AutoDock is a stochastic procedure, 
each docking was repeated ten times, with the lowest 
energy solution reported. The simulated annealing algo-
rithm placed five of seven ligands within 2.0 Å RMSD, 
while both genetic algorithms placed all seven ligands 
within 2.0 Å RMSD. The range of RMSDs for seven test 
cases with the genetic algorithm was 0.32–1.11 Å, and 
with the Lamarkian genetic algorithm was 0.45–1.14 Å. 
Considering the average over all ten runs, the simulated 
annealing algorithm, genetic algorithm and Lamarkian 
genetic algorithm had RMSDs of 3.63, 3.06, and 0.88 Å 
respectively. Although both genetic algorithms had 
comparable best results over ten runs, the Lamarkian 
genetic algorithm was more consistent in identifying a 
low RMSD solution in each run. 
 The scoring function of AutoDock3.0 was modelled 
after the AMBER force field67, and uses a pairwise sum 
of energetic terms with parameters for van der Waals, 

hydrogen bonding and electrostatic interactions, as well 
as conformational entropy and solvation terms. The 
solvation term used a pairwise volume-based method107, 
which was found to work well with the grid-based algo-
rithm used in AutoDock. A training set of 30 complexes 
was used to fit five parameters to the model. Initially the 
hydrogen-bonding term was calculated with explicit 
water molecules, but it was found that the regression 
term tended to zero if waters were included. A correction 
factor of approximately 0.2 kcal/mol was added to 
penalize ligand and protein atoms that did not form hydro-
gen bonds. The final model had residual standard error  
of 9.11 kJ/mol (2.117 kcal/mol). The run time of Auto-
Dock3.0 on a 200 MHz SG MIPS was 4.5 to 41.3 min. 
 Jones et al.30 introduced the docking program GOLD 
(Genetic Optimization for Ligand Docking) based on a 
genetic algorithm29 that incorporates desolvation and 
limited protein flexibility. A test set of 100 complexes 
was used to validate the docking procedure. Entries in the 
test set had 0 to 30 rotating bonds with 6 to 55 non-
hydrogen atoms. Twenty runs were done for each com-
plex and the highest score from all runs was kept. As 
GOLD uses identification of hydrogen bonds to position 
the ligand in the binding pocket, at least one hydrogen 
bond is required by the algorithm. Out of the test set of 
100 complexes, the first-ranked solution was within 
2.0 Å RMSD of the experimentally determined structure 
in 41 cases, and within 4 Å RMSD in 71 cases. With five 
docking repetitions, 63% of the top-ranked solutions were 
within 4 Å, and with wo repetitions 49% of cases were 
within 4 Å RMSD. The genetic algorithms were deter-
mined to be more likely to fail if the ligand is large or 
highly flexible, or has insufficient hydrogen bonds. Interes-
tingly, it was noted that the docking algorithm performs 
better using higher resolution X-ray structures. If the 
crystallographic data had a resolution of 2.5 Å or better, 
GOLD docked 77% of top-ranked solutions within 4 Å 
RMSD, whereas PDB files with a resolution greater than 
2.5 Å were docked within 4 Å in only 52% of the cases. 
 The scoring function in GOLD is an energy partition 
function, with terms for hydrogen bonding, ligand–pro-
tein interactions and the internal energy of the ligand. 
Multiple atom types were used to calculate hydrogen 
bond energies between donor and acceptor pairs. The 
interaction energies for atom pairs were pre-calculated 
using model fragments and water displacement terms29, 
estimated using a combination of methods108–110. In some 
cases, the hydrogen bond donor–acceptor pairs had a 
positive energy, showing a preference for solvation 
instead of the given interaction. The distance and angle 
dependence of hydrogen bond energies was accounted for 
by a distance and angle-dependent weighting function. In 
this scoring function, the usual 6–12 Lennard-Jones 
potential for van der Waals interactions was replaced by 
a more forgiving 4–8 potential with a distance cut-off, 
allowing the ligand to form close contacts with the 
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protein more readily. The internal energy of the ligand 
was calculated using a 6–12 van der Waals potential and 
the Tripos force field110. The scoring function accounts 
for the desolvation of polar residues, but does not address 
desolvation or lipophilic interactions explicitly. It was 
effective in identifying a top-ranked solution within 2 Å 
RMSD in approximately half the cases. After publication 
of the validation paper, recognition of hydrophobic–
hydrophobic interactions was added to the algorithm and 
tested on an additional 34 ligands, and the data were 
published on the GOLD website111. For the test set, 12 
complexes were docked within 2 Å RMSD (35%), and 25 
were within 4 Å RMSD (74%) for the top-ranked solutions. 

Tabu search algorithms 

The docking algorithm PRO_LEADS43,44 uses a Tabu 
search and a rigid body approximation for the receptor. 
The best solution obtained by the Tabu search is 
minimized using a simplex algorithm112 to give a final 
result. The scoring function is modelled after the 
empirical pairwise potential developed by Eldridge et 
al.113, which has an estimated error of 8.68 kJ/mol. The 
procedure was validated using a set of 70 test complexes, 
containing 0 to 18 rotating bonds and 5 to 46 non-
hydrogen atoms. There was some overlap of the com-
plexes used in the validation of the algorithm with those 
used to fit the parameters of the scoring function. There 
were 46 complexes that were common to the 70 com-
plexes used in the test set and the 82 complexes used in 
developing the scoring function. Several variations of the 
Tabu search were used in docking tests, to investigate the 
trade-off between speed and accuracy of the algorithm. 
The most rigorous search used 100 initial ligand posi-
tions, and the most rapid used five. The percentage of top- 
ranked solutions within 2.0 Å RMSD was 84 and 60, 
with average run times of 55.2 and 0.94 min, and an esti-
mated error in binding affinity of 9.4 and 13.8 kJ/mol 
respectively. Due to the overlap of the training and data 
sets, the binding affinity was not an unbiased test of the 
scoring function. The scoring function was, however, 
able to consistently recognize the best solution within the 
data sets. 

Quantitative structure activity relationship of 
scoring parameters 

VALIDATE98 is a hybrid approach to a scoring function, 
developed using a QSAR approach. The enthalpy of 
binding is calculated by molecular mechanics, while pro-
perties such as complementary hydrophobic surface area 
are used to estimate the entropy of binding through heuri-
stics. Fifty-one complexes were used as the training set 
for developing the model. For each complex, the physical 
and chemical properties of the ligand–protein interaction 
were calculated, and models were fitted using partial 
least squares statistics and neural network analysis. The 

major properties investigated were electrostatic energy, 
steric interaction energy, steric fit, H log P partition 
coefficient114,115, the number of rotatable bonds, ligand 
strain energy, lipophilic contact surface area, polar/non-
polar contact surface area and hydrophilic contact surface 
area. The standard error of the final model was 1.006 log 
Ki units. Interestingly, there was not an explicit para-
meter for hydrogen bonding in the final model. Attempts 
were made by the authors to include a hydrogen bonding 
term, but each reduced the accuracy of the resulting 
model. It was suggested that hydrogen bonding was 
accurately represented by other parameters in the model, 
including electrostatic interaction and complementary 
polar surface areas. The results indicate that the contri-
bution of electrostatics was much smaller than expected, 
and explained only 2.9% of the variation in the model. It 
was concluded that either the representation of charges is 
inadequate, or much of the relevant information from 
electrostatics is found in other parameters, such as com-
plementary polar surface areas. 

Knowledge-based scoring 

Muegge and Martin63 developed a knowledge-based scor-
ing function to estimate ligand–protein binding affinity, 
based on the method of Sippl et al.74,116. X-ray crystal 
structures from the Protein Data Bank117 were used to 
create a radial distance-dependent function (termed PMF) 
that approximates the Helmholtz-free interaction energies 
of ligand–protein atom pairs. A volume-based correction 
term was added to account for solvation effects of the 
ligand on binding. It was shown that there was significant 
correlation between the sum of atom pair potentials and 
total binding free energy, and that the sum is therefore a 
good measure of binding affinities63. The standard devia-
tion of the potential function from the experimentally 
determined binding energies was 1.8 log Ki units, com-
parable to force field-based scoring functions fitted to 
experimental data. An attempt was made to incorporate 
explicit terms for solvation and loss of rotational entropy 
on ligand binding. The added terms did not improve  
the correlation between calculated and observed free 
energies, and so were omitted in the final model. A 
similar result was found using another knowledge-based 
potential, BLEEP118,119. The potential function was 
generated with and without explicit water atoms being 
present. Water atoms were added using the program 
Aquarius120,121. The procedure for incorporating solvent 
was not found to improve correlation with experimental 
values. Both potentials were tested on a set of 90 ligand–
protein complexes, and found to have a correlation 
coefficient of R2 = 0.74 over a range of 49 kJ/mol 
experimental binding energy. When the solvent term was 
included, the correlation was reduced to R2 = 0.63. 
 The knowledge-based potential of Muegge and Martin 
(PMF)63 was tested by comparison with 77 ligand–protein 
complexes. The potential function was further compared 
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with two popular force field-based methods, LUDI65 and 
SMoG122, with eight different sets of related protein 
structures. In the majority of cases, the PMF scoring was 
found to perform better than the empirical functions. To 
translate the scoring function to a binding energy, a dif-
ferent linear scaling factor was used for each of the eight 
data sets. Most of the scaling factors were in the same 
range, but in three of the eight test sets, the scaling factors 
had a two to three-fold difference. For this reason, the 
authors state that the generality of the approach may be 
limited. The scoring function may be more reliable for 
screening different ligands against the same target, or 
comparing different ligand–protein configurations within 
a docking study. Thus the procedure is effective for 
ranking ligands, but still may not provide a globally 
accurate estimate of binding affinities. The PMF score 
was also used with DOCK4.0 in a database screening 
application123 in which 3247 small molecules were doc-
ked to FK506-binding protein. Molecules known to 
weakly bind to FK506 had higher docking scores, and 
were enriched in the upper ranks of the computational 
scoring lists. The enrichment obtained using the PMF 
score was greater than that obtained by the standard 
DOCK4.0 force field. 
 In another study124, the PMF score was compared to 
the force field-based scoring functions in DOCK4.0 and 
FlexX, using the matrix metalloproteinase stromelysin 
(MMP-3) with a set of 61 biphenyl-type inhibitors. The 
experimentally determined binding affinities were 
compared with those estimated using DOCK/force field, 
DOCK/PMF and the FlexX potential. As crystal struc-
tures were available for only six out of the 61 inhibitors, 
the conserved position of the biphenyl moiety was used 
as the basis of comparison. Out of the 61 inhibitors, 
DOCK/PMF docked 93%, DOCK/force field docked 
85%, and FlexX docked 80% within 2.0 Å RMSD. 
DOCK/PMF was the only function among the three that 
found a significant correlation between binding affinity 
and predicted score of docked inhibitors. It was sug-
gested that FlexX may be better at ‘fine-tuning’ the 
ligand position, as the ligands correctly docked by FlexX 
had a smaller average RMSD (0.9 Å) than either 
Dock/PMF (1.3 Å) or Dock/FF (1.8 Å)124. It is possible 
that the good performance of both programs is partially a 
result of the data set used – incremental construction 
algorithms, available in both DOCK and FlexX, are 
likely to choose the biphenyl portion of the ligands as the 
initial placed fragment. As the RMSDs are calculated 
only from the biphenyl portion, these values may not be 
an unbiased test of performance. Estimation of the 
binding affinity, however, is calculated over the entire 
molecule; so the good correlation of measured and pre-
dicted binding affinities is an indication of both an 
effective search algorithm and scoring function. Each of 
the four incorrectly docked structures using DOCK/PMF 
had scored higher than the anticipated correct binding 

mode, suggesting that the poor docking was a result of 
insufficient sampling rather than a scoring error. It was 
suggested by the authors that the PMF scoring function 
also had a lower rate of false negatives (complexes with 
high docking scores but low binding affinity) making it 
useful in screening applications. 
 The knowledge-based scoring function DrugScore76 
incorporated solvent effects into the potential using solvent- 
accessible surfaces. The solvent exposure probabilities of 
ligand and protein atoms were converted to potentials, 
analogous to the methodology used to develop the pair-
wise knowledge-based potential. The weighting of the 
atom pair frequencies and the solvation terms was 
optimized empirically to be 0.5 each. The scoring func-
tion was used to analyse docked solutions obtained from 
FlexX and DOCK4.0. Ninety-one PDB structures were 
selected from the 200 used in FlexX validation95, and 
contained 0 to 27 rotating bonds. With this set, FlexX 
finds top-ranked solutions with an RMSD of less than 
2.0 Å in 54% of the cases. Using the DrugScore poten-
tial, the percentage of top-ranked docked solutions 
increases to 73. A second set of 68 complexes, not used 
in the development of the scoring function, was used to 
cross validate the results. In the set of 68 complexes, 
41% of the solution sets generated by FlexX contained a 
solution within 2.0 Å from the crystal ligand position. In 
the 29 sets containing a solution within 2.0 Å RMSD, 
DrugScore and FlexX obtain nearly identical results and 
identified the top-ranked solution within 2.0 Å in 92 and 
93% of the cases respectively. The DOCK4.0 algorithm 
was also tested, using 100 protein-ligand complexes 
pooled from both of the FlexX test sets. The energy 
scoring in DOCK resulted in 61 complexes having a 
solution within 2.0 Å; of these, 54% were the top-ranked 
solution. Re-scoring the conformations with DrugScore 
resulted in 51% of the top-ranked solutions being within 
2.0 Å RMSD. Using DOCK chemical scoring, 43 com-
plexes had a solution within 2.0 Å, and 46% of these had 
the top-ranked solution within 2.0 Å RMSD. Thus, the 
DOCK energy scoring was the most effective in this case. 

Open issues and algorithm development 

The various search algorithms present in the literature 
and discussed here are each theoretically capable of 
effectively exploring the search space of a ligand–protein 
interaction, given enough time, computer resources, and 
effective parameterization of the method. However, there 
is still room for improvement in the efficiency and accu-
racy of the commonly used implementations of these 
algorithms. The performance of stochastic docking algo-
rithms was increased somewhat by multiple runs, sug-
gesting that although the search space is frequently 
sampled sufficiently, multiple docking runs can increase 
the accuracy of the docking. The more successful dock-
ing studies frequently used a combination of methods, 
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often with a minimization component. The use of local 
minimization in conjunction with a global search method 
seems particularly effective12,31. 
 There was a decrease in performance of nearly all 
methods with an increasing number of rotating bonds. It 
is likely that this is a reflection of the increased size of 
the search space, but it is also a possibility that it is due 
to limitations inherent in the implementations of the 
docking algorithms. It would be expected that the effec-
tiveness of an incremental construction could be reduced 
when docking large, flexible ligands, due to the smaller 
relative size of the initial fragment compared to the entire 
ligand. Similarly, within a genetic algorithm, optimiza-
tion of the ligand position could require a concerted 
change of several variables coded into the algorithm, and 
the probability of this occurring diminishes with increas-
ing number of parameters. The use of a local minimiza-
tion procedure in conjunction with either of these methods 
might reduce this effect considerably. 
 There are several issues in generating empirical scor-
ing functions that remain difficult to surmount. In a 
thermodynamically-based energetic model, the terms are 
usually divided into enthalpy and entropy contributions. 
These terms are large and opposing, and can introduce a 
large error into the sum, even if the individual contri-
butions are known with reasonable accuracy. Addi-
tionally, interactions between protein and ligand atoms 
do not always occur in the intuitively expected form. For 
example, it would be expected that a pair of oppositely 
charged atoms would tend to have a favourable inter-
action. Yet in some cases, there is an increase in free energy 
on binding of oppositely charged residues, due to the dis-
placement of favourable interactions with the solvent29,82. 
 The inclusion, or omission, of water molecules in mole-
cular docking has not yet been effectively automated. 
Existing programs can identify likely positions for water 
molecules, and use explicitly modelled water molecules 
in docking algorithms. However, this has not increased 
the efficacy of docking yet. 
 Receptor flexibility is neglected in most docking 
algorithms due to the large increase in complexity of the 
problem when it is explicitly considered. The rigid body 
approximation for the receptor is not always justifiable, 
however, particularly when docking a novel ligand to an 
apoprotein. Whenever a ligand binds to a receptor, the 
receptor is likely to undergo some structural modifica-
tion, such as reduced side-chain motion in the vicinity of 
the docked ligand, or possibly larger structural rearrange-
ments such as hinge-bending. Frequently, these changes 
are minimal, but in some cases, changes in structure upon 
ligand binding are integral to the function of the protein, 
such as allosteric regulation and signal transduction88. 
Currently, most docking algorithms incorporate only 
minimal, if any, protein flexibility. The rigid body 
assumption may prove to be adequate in many circum-
stances, but is still an approximation. 

 In most tests of scoring functions and docking algo-
rithms, X-ray crystal structures of ligand–protein com-
plexes are used in the test sets. The ligand is removed 
from the structure model, then re-docked back into the 
receptor pocket. This likely provides the best test of the 
scoring function, as it is required to score the final 
docked structure the highest, in order to be effective. 
However, this is not an accurate model of the docking 
process. The protein structure and ligand pose prior to 
binding are almost certainly different from the final 
docked conformation. Hence, recognition of the ligand 
and protein is an adaptive process, though in many cases 
the degree of protein motion is small. 
 The binding affinity of ligands is also affected by 
protein mobility. If a docked ligand is in a deep pocket of 
a flexible protein, the protein itself may have to undergo 
a conformational change in order to release the bound 
ligand, and so the ligand is effectively ‘trapped’ by the 
protein. Thus, the binding affinity may be a function of 
the rate of motion of the protein, as well as the sum of 
interactions between the protein and the ligand. The 
ligand–protein complex association/disassociation rate 
may also be affected by the presence or absence of 
another ligand or protein. The large measured binding 
affinity of biotin to streptavidin is a good example of this 
process. As the ligand–protein complex with the highest 
known affinity, it is included frequently in the training 
set for many scoring functions. However, its binding 
affinity is highly susceptible to changes in the protein 
structure. Biotin/streptavidin increases its binding affi-
nity by eight orders of magnitude for the tetramer 
compared to the monomer structure present in the PDB. 
It is unlikely that this change in affinity can be accounted 
for by any of the scoring functions in use. It is possible 
that the association and dissociation of the complexes 
such as this may be estimated by the repeated molecular 
modelling of ligand–protein complex over time. 
 A limit of the accuracy of both empirical and know-
ledge-based scoring functions is the resolution of PDB 
structures used to generate the scoring functions. The 
position of each atom will be less precise in a structure 
with poorer resolution, affecting both energetic and 
knowledge-based scoring functions. PDB structures with 
poor resolution in the vicinity of the binding site could be 
a result of motion of the ligand and/or side receptor 
pocket around an average structure. Here, the entropy 
penalty of the docked structure is less than that predicted, 
and an error is introduced into the calculation of enthalpy 
terms as well. The experimentally determined binding 
affinities of ligands are also subject to variation and 
error. Binding affinities are temperature-dependent, and 
data have not been collected at one fixed temperature. 
There are several methods for the determination of bind-
ing efficiencies, and errors in measurement can be 
considerable. Error estimates of less than 10% are an 
exception125. 
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 There are inherent limits to some scoring approaches 
when used independently of other methods. The Poisson–
Boltzmann equation, for example, can provide an accu-
rate description of the electrostatic field around a protein, 
but if used alone does not account for desolvation or 
other interactions. Conversely, most pairwise potentials 
do not effectively predict the global electrostatic inter-
actions, which can be an important factor in docking. 
Even if all known effects are accounted for within an 
energetic model, the magnitude and even the sign of each 
term is not precisely known. It is still a subject of debate 
whether or not van der Waals forces are greater between 
protein and ligand, or protein–solvent and ligand–solvent 
interactions are greater60. 
 Most scoring functions have some level of approxi-
mation for identifying atom types, and the interaction 
between a given pair of atom types is usually treated as 
having equivalent strengths, given equivalent separation 
distances. This may be true on average, but there are 
exceptions. Subtle changes in electrostatic properties can 
result in large changes in binding affinity within a given 
type of interaction60,126. A scoring function that is a sum 
of pairwise additive terms also neglects non-additive 
behaviour between and among groups. Hydrophobic inter-
actions are a good example of this. 
 In summary, the most likely area for improvement of 
docking and scoring algorithms is within the scoring 
functions. A reasonable level of prediction has been 
achieved recently, but the ligand pose closest to the 
experimentally determined structure is still not always 
identified as the best solution. Regarding the limitations 
discussed here, some may be surmounted through further 
study of protein–ligand interactions. At some point there 
will likely be a maximum possible accuracy attainable 
through the use of scoring functions, particularly in esti-
mation of binding affinities. 
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