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Abstract

Protein-ligand docking is a computational method that is commonly applied to predict and rank the structure of the complex formed between a specific protein-target
and a small-molecule ligand. Despite its limitations, it is currently an integral part of the drug design and development process and is often used with virtual screening
to evaluate large computational databases of molecular compounds, as a first attempt to guide the selection of limited sets of compounds for experimental testing.

More than 30 scoring functions are currently available and are routinely used to evaluate ligand binding in docking. However, their performance in not uniform,
and depends on a variety of features such as the specific structural and chemical characteristics of the binding pocket of the target protein, and those of the ligand
molecules.

This work reviews some of the limitations of scoring functions in protein-ligand docking, while demonstrating strategies to select the most effective alternatives for

particular problems. Special emphasis is given to the design of new consensus scoring functions for more efficient drug discovery campaigns.

Introduction

Protein-ligand docking is a popular computational method used
to predict and rank the structure(s) resulting from the association
between a small-molecule (the ligand) and a protein target of known
3-D structure, typically an enzyme or a receptor. It is a relevant part of
the current drug discovery process [1-7]. Docking involves the search
through different ligand conformations (i.e. the pose) within a given
target protein, and the measure of the binding affinity of the different
alternatives (the scoring). The first is accomplished by the application of
the search algorithm, while the latter is handled by the scoring function.

A critical aspect of each docking protocol is the ability to evaluate
and rank the ligand conformations predicted by the search algorithm.
In fact, being able to generate the right conformation is not enough.
It is also necessary to be able to recognize it from among the set of
generated conformations. In addition, the scoring function should
also be able to distinguish between active and random compounds i.e.
molecules that bind to a specific target from non-binding molecules.
Over the years, significant improvements in the computational power
and software algorithms have enabled substantial progress in the ability
of docking software in covering adequately the conformational space
of a ligand inside the target’s binding pocket. However, presently, the
lack of efficient scoring functions, in terms of speed and accuracy is the
major bottleneck in docking [6,8]. A large number of scoring functions
is currently available [9-13]. However, their performance can vary
significantly from problem to problem [12,14-16].

Virtual screening (VS) involves the use of computational techniques
capable of using large chemical databases to guide the selection of
likely drug candidates for specific pharmacological targets [17-19]. The
main objective of virtual screening is to obtain hits of novel chemical
structures that bind strongly to a specific target. Structure-based VS
methods apply protein-ligand docking to evaluate the interaction
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between a small-molecule ligand and a protein target, trying to
discriminate molecules that bind strongly from molecules that do not.
These techniques can be applied to databases containing millions of
compounds such as ZINC [20,21]. Because the cost of performing these
virtual screens is significantly less than currently existing experimental
alternatives, VS has been playing an important role in drug design and
discovery, limiting the number of compounds that are experimentally
evaluated to a subset of molecules that are more likely to bind effectively,
while ensuring a greater exploration of the chemical space. For these
reasons, VS and docking have become critical components in the drug
design and development process [1,7,19,22].

Despite its huge potential and general use, VS has several limitations,
with impact on the accuracy and direct applicability of its conclusions
[18,19,23]. One of the main problems of VS comes from the large
number of false positives i.e. molecules that are erroneously suggested
from docking to bind strongly to the target. An even worse problem in
VS comes from the large number of false negatives, i.e. molecules that
docking fails to identify as strong ligands, despite their high affinity. In
fact, while the first molecules can be easily discarded in the preliminary
experimental studies with a relatively small cost, the latter never reach
that stage remaining incognito among millions of compounds, despite
their sometimes high potential pharmacological, social and economic
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value. Both these problems arise from the imperfections in the currently
available scoring functions. While it is not exactly difficult to improve
the mathematical description in the scoring functions as to provide
more accurate results, it is important to take into account that scoring
functions were designed to ensure a fast estimation of the binding free
energy between a ligand and a protein for a large numbers of molecules.
In fact, more accurate methods such as thermodynamic integration or
even quantum mechanics can be applied in principle to evaluate the
interaction of a protein and a ligand, but with a computational cost of
10,000 to 1,000 000 times higher than that of docking, rendering the
analysis of several molecules unfeasible. Such methods are presently
not viable for virtual screening, forcing the adoption of a series of
simplifications to reduce the complexity of the scoring function.

So, the inaccuracies in the scoring function continue to be the most
important limitation to the success of docking and, therefore, to a more
successful use of VS in drug design. The development of new improved
scoring functions, more accurate but fast, is therefore a problem of the
maximum importance for drug design and of particular interest for the
pharmaceutical industry.

Specificities in scoring

Scoring functions are mathematical expressions use to evaluate the
interaction of the protein and the ligand. Different scoring functions
have different strengths and weaknesses. In general, they are based on
different physical principles, which in some cases are related to the
statistical representation in selected sets of protein-ligand complexes
for which there is extensive and detailed experimental information. The
range of alternatives is vast and diverse, comprising a total of more than
30 scoring functions [6,10,24]. These can be divided into three major
classes: force-field-based, empirical, and knowledge-based scoring
functions.

Force-field based scoring functions evaluate the protein-ligand
interaction as the sum of two energies: the interaction energy of the
receptor/ligand pair, plus the internal energy of the ligand. This is
accomplished through a combination of a van der Waals (lennard-
jones) and an electrostatic energy term (columbic potential). Typical
limitations of force-field scoring functions include the lack of entropic
and solvation terms, and the simplicity in the description of the long-
range effects associated to docking.

Empirical scoring functions are based on a rather different principle.
These scoring functions are designed to reproduce experimental data.
They are fitted to use a sum of several individual uncorrelated terms
to reproduce experimental results, such as binding free energies, by
means of a regression analysis. The individual terms are normally fast
to calculate, but the success of these scoring functions depend on the
experimental data used in the parameterization process. This process is
not controlled by the user and is easily not transferable.

Knowledge-based scoring functions apply statistical principles
obtained from the analysis of collections of 3D structures. These
scoring functions are typically based on the frequency of occurrence
of different atom-atom pair contacts and other typical interactions if
large data-sets of protein ligand complexes of know 3D structure. This
simplicity of these scoring functions makes them efficient in screening
large compound databases. However, their accuracy is dependent also
on the type of structures that were included in the 3D databases that
were used in their creation process.

Some of these scoring functions are better in handling protein
targets with certain structural and chemical characteristics, while other
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are more accurate in targets with other specific properties. Examples
of the features that can often make a difference include the size and
exposure of the binding pocket, the presence of cofactors and metal
atoms, the presence of very charged groups around the binding pocket,
etc.

Furthermore, the performance of different scoring functions also
varies very significantly with the characteristics of molecules that are
tested in docking. Features like the protonation state, partial charge,
and number of rotatable bonds are just some examples of properties
that can affect the performance of a scoring function.

It is generally difficult to anticipate the best scoring function for
a particular target. Choice often tends to rely on the availability of a
particular software with a specific scoring function to the researcher/
user. Some docking programs are freely available, through open
source licenses, while other are freely available but only to academic
users. However, many alternatives are paid, sometimes through very
expensive licences [8,25].

Other common rationale for the choice of the scoring function is
the familiarity of the user with that specific software. Researchers tend
to use the protein-ligand docking software that they already know
and are confident in using from a technical point of view. Also, while
some alternatives have extensive background information and a wide
availability of manuals, user guides and tutorials, other are difficult
to start with, due to lack of information. All these issues have very
little to do with the scoring accuracy of a specific scoring function in
discriminating between ligands and non-ligand molecules for a specific
protein target. However, they continue to be responsible for the final
choice for most users.

For accurate results however, it is important to rely on clear and
objective guidelines on the scoring functions that should be used for
different types of proteins and different types of ligands. However, that
information is seldom available, leaving to the user the heavy burden
of selecting and validating the particular scoring function to use with a
specific protein-target and ligand type.

Relying in scoring

To rely on a specific scoring function for a particular protein target,
it is important to understand the limits of validation of the different
alternatives. For that, their performance has to be evaluated. That is
seldom an easy task.

Most scoring functions and docking programs upon publication
report extensive validation tests. In general, such tests demonstrate
their superior performance. However, questions often emerge on
the existence of bias on the test sets used. When comparing different
docking programs and scoring function, it is important that the
comparison be done on unbiased validation sets.

One of the most commonly used reference validation sets is the
DUD-E (directory of useful decoys - extended). DUD-E is a collection
of useful decoys for benchmarking virtual screening containing 22,886
ligands and their affinities against 102 target, set by Huang, et al. [26,27].
For each of the ligands, this database contains a set of 50 "decoys", i.e.
molecules with similar 1-D physico-chemical properties to remove bias
(e.g. molecular weight, calculated LogP) but dissimilar 2-D topology
to be likely non-binders, making it a challenging dataset to test scoring
functions and protein-ligand docking algorithms.

Using this dataset, the performance of a scoring function in virtual
screening can be expressed through a graphical representation of the
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true positive rate versus the false positive rate in terms of receiver
operating characteristic (ROC) plots. In ROC plots the True Positive
Rate (TPR = TP/P) is plotted versus the False Positive Rate (FPR =
FP/N), where TP is the number of True Positives, P is the total number
of Positives (actives), FP is the number of False Positives, and N is the
total number of Negatives (decoys). An useful measure is the area
under the curve (AUC). The higher the AUC value in a ROC curve,
the better the discrimination between the true positive and the false
positive poses. As a successful scoring function for virtual screening
should rank active compounds early on a large score list, the fraction
of actives recovered at 0.1%, 1% and 2% decoys recovered (abbreviated
to ROC(0.1%), ROC(1%) and ROC(2%)) - called early recognition
metrics - can be used to discriminate between the best and the worst
scoring functions for each protein target.

This strategy allows a clear and objective definition of the limits
of validity of the different scoring functions, in terms of the different
characteristics of the type of protein target, and/or of the characteristics
of target binding pockets and molecules.

The best scoring function for a specific target

While the strategy outlined above ensures a selection of a reasonable
scoring function in protein ligand docking for a general type of protein-
target or ligand (e.g. among GPCRs or among metalloenzymes, etc),
providing a reasonable starting point for most studies, it is important
to stress that even within a specific type of target or ligand, the
performance of different scoring functions can vary drastically.

The simplistic nature of most scoring function is seldom able
to capture all of the intrinsic characteristics of the protein binding
pocket and ligand interaction. For example, among metalloenzymes a
particular scoring function can give very good results for one specific
protein-target, but bad results for other, depending on the specific
metal, its location in the binding pocket, type of dominant interactions,
exposure to solvent, etc. Such variations in performance often happen
event within sets of related proteins, including among GPCRs.

To ensure that a good result can be obtained for a specific protein
target, the best strategy relies in designing and optimizing your own
active/decoys test set for your specific target. This strategy is subject to
the availability of experimental information on active ligands. Presently,
several well-known databases contain detailed information on specific
active ligands with experimental information on their binding ability
to particular protein targets. Examples include the bindingDB (http://
www.bindingdb.org/) [28-32] and the CHEMBL (https://www.ebi.
ac.uk/chembl/) [33,34] databases.

Users can search these databases for known active molecules against
their specific protein targets. Recorded values include IC50, EC50, Km
and percentage of inhibition, etc. Values can be exported in .csv format
including the experimental data together with extensive information
on the active molecules contained in the database, including molecular
weight and other physic-chemical properties, as well as the formula of
the different molecules in smiles or sdf format.

From the structure of the active molecules, decoys can be generated
using the Generate DUD-E decoys server (http://dude.docking.org/
generate) [27]. This online server can be used to generate 50 decoys for
each active ligand, generating a final customized active/decoys test set
with several hundred molecules. This specific test can then be used to
assess the performance of the different scoring function, for the user’s
own specific protein target, guaranteeing that the best scoring function
available to the user is in fact chosen for the virtual screening campaign.
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Consensus scoring

In many cases, even the best individual scoring function gives
results that are far from ideal. To go beyond the level of success that can
be given in these cases, consensus scoring has to be applied.

Consensus Scoring [8,35] combines the information obtained
from different scores to compensate for errors from individual scoring
functions, therefore improving the probability of finding the correct
solution. Several studies have demonstrated the success of consensus
scoring methods in relation to the use individual functions schemes
[36-39]. Improved consensus scoring can be achieved through a
combination of better and more scoring functions, and by a careful
parameterization of the weight (coeflicients) to attribute to each
individual scoring function.

The best possible strategy today consists in creating an active/
decoys database, as described above to test the performance of
different individual scoring functions, and then combining the best
scoring functions, by attributing different coeflicients to the individual
scores. These coeflicients are then optimized, adjusting the weight
of the different scoring functions in the final consensus function, as
to maximize active/decoys discrimination in the test set prepared,
effectively tailoring the scoring function to that specific protein target.

The final optimized consensus scoring is then used in the virtual
screening campaign to sample databases containing millions of
compounds.

Conclusions

Despite its limitations virtual screening is a computational
technique nowadays routinely used in drug discovery efforts to improve
the probability of identifying novel chemical entities of potential
pharmacological interest in databases containing millions of molecules.
While the principles of virtual screening are easy to define, a careful
selection of the specific scoring function is paramount for that useful
results can be obtained, with the same scoring function displaying quite
different performance for different types of targets.

While general guidelines can be anticipated for different types of
protein targets, we emphasize the importance of a customized choice of
the scoring function for a specific protein target through the creation of
active/decoy test sets by the user. This strategy ensures a rational choice
of scoring function for a particular target from among the scoring
functions available to a specific user.

However, as highlighted, superior performance can be obtained by
combining different scoring functions, by attributing different weights
to individual scores to maximize active/decoys discriminating in the
selected test sets, effectively tailoring highly specialized consensus
scoring functions for a particular protein-target.
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