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Abstract

The rapid growth of the available crystallographic information about proteins and binding pockets
creates remarkable opportunities for enriching the drug research pipelines with computational
prediction of novel protein-ligand interactions. While ab initio quantum mechanical approaches
are known to provide unprecedented accuracy in structure-based binding energy calculations, they
are limited to only small systems of dozens of atoms. In the structural chemogenomics era, it is
critical that new approaches are developed that enable application of QM methodologies to non-
covalent interactions in systems as large as protein-ligand complexes and conformational
ensembles. This perspective highlights recent advances towards bridging the gap between high
accuracy and high volume computations in drug research.
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INTRODUCTION

In the modern age, the success rate of drug discovery efforts is largely dependent on the
efficient symbiosis of experimental studies such as X-ray crystallography, medicinal
chemistry, classical and reverse pharmacology with computational predictions.
Computational methods can now substantially contribute to hit discovery and optimization
as well as to multi-target compound profiling for safety, toxicity, or polypharmacology. The
rapid growth of available crystallographic information about proteins, binding pockets, and
transient protein-ligand interactions dramatically expands the applicability domains of
structure-based computational chemistry approaches and prompts the development of faster
and more accurate docking and scoring algorithms.

According to different estimates, about 20% of the human proteome may have druggable
pockets.! This corresponds to about 4,000 proteins in the entire human proteome.24. As of
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October 2012, more than 18 thousand proteins from the manually curated section of the
UniProt knowledgebase® were represented among the 85 thousand Protein Data Bank entries
(PDBY), with 4.6 thousand of these entries being human proteins. The number of proteins
that have been co-crystallized with drug-like small molecules thus far (and are available in
the PDB) is around 2,400; of these, approximately 800 are human. In other words, structural
information is available for 20% of the potential human pocketome. Several online
resources, including Pocketome,! PDBSite,” ReliBase,® MSDsite,? sc-PDB,10 and
LigBase!! provide comprehensive structural characterization of the available pockets and
their interactions with transient ligands, while other databases (e.g. PDBbind,!2 Binding
MOAD,13 BindingDB,* AutoBind1%) complement it with relevant biochemical
information.

The number of unique proteins in the PDB grows constantly with annual increment reaching
almost 1000 per year in the years of 2005-07. Although in the recent years, this growth has
been gradually slowing down, the structural coverage of the human pocketome is expected
to further increase and achieve 50% by the year 2020 (Figure 1A). Pharmaceutical
importance and ease of crystallization are among the two main factors that bias this
coverage towards certain classes of protein targets. Soluble proteins such as protein kinases,
cytochromes P450, or nuclear receptors dominate the structural human pocketome, while
membrane proteins are scarcely represented. However, recent breakthroughs in membrane
protein crystallization technologies 16-18 has led to a significant increase in the number of
structures of G-protein coupled receptors in 2008-12.

21ST CENTURY PROBLEMS IN STRUCTURE-BASED COMPUTATIONAL
CHEMISTRY

The real-life problems addressed by computational chemistry and utilizing crystallographic
information about pockets/ligand interactions fall into one of the four classes (Figure 1B): (i)
compound docking or pose prediction, (ii) compound screening, (iii) compound profiling,
and (iv) compound binding affinity prediction.

Compound binding pose prediction is performed for a single compound and a single binding
pocket, although the latter is possibly represented by more than one structure. Solving this
problem requires generation of a large number of diverse compound poses with their
subsequent scoring and ranking in the pocket structure(s). Real life difficulty arises when
none of the pocket structures is a cognate structure (i.e. the structure co-crystallized with the
compound in question). Methods for solving the compound pose prediction problem can be
efficiently benchmarked if the answer in the form of co-crystallized complex is available but
eliminated from the prediction (the so called cross-docking problem). Pose prediction is
considered successful if the best ranking compound pose reproduces all essential contacts
observed in the co-crystal complex (answer). Root-mean-square deviation (RMSD) of the
compound to its crystallographic pose after the superposition of the binding pocket
structures is frequently used to evaluate the docking algorithm performance, however, it is
not as accurate or informative as the contact-based measures.1® Notably, the correlation, or
even the relative ranking correspondence between the pose accuracy and scoring is not
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required beyond the best scoring pose being sufficiently accurate according to the selected
accuracy evaluation criteria.

In compound screening, different compounds have to be docked and scored in a single
binding pocket which is possibly, and preferably, represented by more than one structure.
Based on the calculated docking scores, each compound is assigned a level of confidence on
the assumption that it binds to the target pocket. The output of a screening algorithm is a
“yes” (binder) or “no” (non-binder) prediction for each compound in the screened database,
ideally complemented by a numerical indication of prediction confidence in each case.
Screening methods can be benchmarked when an answer to the problem is available in the
form of a compound set in which some of the compounds are experimentally confirmed
binders to the pocket in question while others are not (inactives or decoys). For realistic
difficulty, the negative part of the compound answer set must be similar to the active
compounds by physico-chemical properties or even by chemical structure.29 The screening
prediction is considered successful if the actives are consistently ranked higher by the model
than the inactives or decoys. Again, correlation between compound scores and binding
affinity is not required, although it may improve screening accuracy.

In compound profiling, a single compound is docked and scored in the binding pockets of
multiple proteins, each possibly represented by more than one structure. The output of the
profiling procedure is an assignment, for each target pocket, of the likelihood that the
compound in question binds to this pocket. As with compound screening, correlation
between compound scores and binding affinity is irrelevant. Large scale benchmarking of
the profiling problem is hard due to the limited availability of experimental datasets.
Authors are aware of only a few initiatives in experimental profiling of large compound sets
against a wide panel of targets (e.g. 2122). Due to protein-specific shifts in the binding
energy that are unaccounted in any of the existing scoring functions, the absolute compound
scores are typically calculated in different scales for different target pockets; therefore,
normalization and/or parameterization is required in order to achieve comparable scoring
between different targets. This is however hard to achieve without overtraining of the
models due to the limited availability of benchmarking sets.

Finally in binding affinity prediction: one or more compounds are docked and scored in one
binding pocket possibly represented by more than one structure. In this application, the
success is defined by the correlation of the predicted binding scores with the experimentally
measured compound binding affinities. The methods for binding affinity prediction can be
benchmarked although care should be taken to ensure that the experimental affinities in the
benchmarking sets come from uniform sources and assays.

The above classification encompasses the majority of the computational drug discovery
applications. The fourth task, binding energy prediction, benefits the most from the ab initio
methods due to smaller benchmarking sets and high danger of overtraining when empirical
or knowledge-based methods are used. For some targets, the computational analysis is
bound to go beyond docking and scoring: for example, understanding of potency, specificity
and selectivity of covalent inhibitors and transition state analogs requires analysis of
reaction paths and reactive intermediates.23:24 In recent years, covalently acting drugs draw
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growing interest and attention,2>26 making this an extremely important field of research,
Finally, full characterization of drug candidates includes their interaction not only with their
intended or unintended targets, but also with metabolizing most — enzymes importantly,
cytochromes P450,27:28 — j e. requires tools for understanding of metabolic activation/
degradation and formation of reactive metabolites.

PREDICTION METHOD INACCURACIES VS INPUT DATA INACCURACIES

As delineated above, most computational chemistry applications are centered on two critical
steps performed for each compound and each pocket structure: conformational sampling and
scoring of the obtained poses.29 Conformational searches based on molecular dynamics
(MD) or Monte Carlo (MC) simulations, enhanced and modified to dramatically increase the
coverage and convergence rate,39-31 remain the only practical alternatives for sampling;
given sufficient sampling time these methods usually produce correct or nearly correct
conformations which may or may not be ranked first in the conformation list. Following the
conformation generation, the scoring step may be performed in a multitude of ways
depending on the specific applications; the arsenal of classical scoring functions includes
force-field based, empirical, and knowledge-based functions 32 and it is increasingly
enriched by hybrid solutions that involve ligand-centered information (e.g. 33:34). Molecular
mechanics (MM) force-field scoring functions employ energy terms designed to closely
approximate ab initio quantum mechanics (QM) calculations (e.g. 3°-37); however, they
typically undergo parameterization by fitting the scores to the experimentally observed
values (for binding affinity prediction) or by optimizing separation of correct from incorrect
poses (for docking) or of binders from non-binders (for screening). As a result, the relative
contributions of physics-based terms in the scoring function have empirical nature and
reflect, along with the significance of each term, the degree of inevitable numerical
inaccuracies and variation in its calculation.

The applicability domain of a force-field-based scoring function is limited to those
interactions and atom types that are present in the input set at the design and
parameterization stages. Therefore, energy contributions that result from changes in the
molecular environment on compound binding cannot be accounted for properly.38 For
example, atomic partial charges in the ligand or the binding site may vary from those
assigned by the utilized force field due to polarization or charge transfer — the effect that is
frequently observed with enzymes and metalloproteins.3® Halogen bonds, CH-m,4041 7t-xt
and cation-w interactions are usually not accounted for at sufficient accuracy. In some
configurations, London dispersion forces may not be properly approximated by the widely
used potentials. Last, but not the least, force fields cannot properly address processes of
covalent bond formation or breaking and are therefore inapplicable to simulations of enzyme
reactions or covalently acting inhibitors.#2 Ab initio, force field independent methods that
can describe these interactions may therefore lead to more accurate compound activity
predictions.

That being said, the inaccuracies in the scoring functions (force-field based or otherwise) are
not the main reason for insufficient predictive power of the structure-based computational
methods.#3 The most important reason lies in the inherently incomplete nature of the input
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data, i.e. the crystallographic structures. Limited resolution of structure determination
techniques creates ambiguities in side-chain placement, orientation, and protonation states,
as well as uncertainties in positions and orientations of rotatable polar hydrogens.4 Water
molecules frequently remain unresolved or ambiguous but may have very pronounced effect
on predictive properties of a 3D model in cases when they form stable hydrogen-bonding
networks between the ligand and the binding site or on the contrary, are conformationally
restricted and therefore unfavorable entropically.#>46 Finally, crystallographic structures
represent only static snapshots of the target pockets, with their shape largely defined by the
co-crystallized ligands (the so-called induced fit effect). Even with the current trends in
structure determination, experimental coverage of all possible binding site conformations is
impossible. These inevitable limitations stress the critical importance of the ability to
accurately reconstruct ligand binding poses and interactions when the target pocket is in a
sub-optimal conformational or protonation state. The only practical solution to the problem
lies in thorough analysis of compositional (e.g. with and without water) or conformational
ensembles,3* which greatly increases the amount of 3D information that has to be processed
in order to analyze interactions of a single ligand with its target.

QUANTUM MECHANICAL CONTRIBUTIONS TO DRUG RESEARCH:
CONQUERING THE COMPUTATIONAL COMPLEXITY

Although quantum mechanics characterization of the interactions between proteins and
ligands is not a new approach in computational chemistry,*” it has been gaining increasing
popularity in the recent years.38:4849 QM methods overcome the deficiencies of classical
force-field scoring functions by avoiding atom type assignment and parameterization. For a
system with defined positions of the nuclei, they provide a reliable foundation for ligand
geometry evaluations and energy estimates.

A QM calculation starts with a structure or a model of the complex and, although minor
conformation refinement can be achieved in the course of QM-based evaluation, the input
model largely defines the result. In this sense, QM is heavily dependent on other methods —
crystallography, MM docking/refinement, or molecular dynamics in the question of pose
generation. Despite the fact that the accuracy of input conformations is critical for the
success of a QM simulation, there is a huge gap in the definition of “accurate” between QM
and other applications. For example, in the docking field, ligand pose prediction that lies
within 2A RMSD (heavy atoms only!) from the crystallographic answer is considered a
success; a QM simulation requires accuracy of <0.5 A (including all hydrogens).>0

The QM description of a system is not sufficient for its full characterization because it is (i)
static and (ii) in vacuo. It is incapable of accounting for ensemble-mediated conformational
entropy or solvation effects. Some publications interpret it as QM providing a description of
enthalpy, while entropy must be accounted by other methods; this is not entirely accurate as
the aspects accounted for by QM have mixed enthalpy-entropy nature. To completely
describe the Gibbs free energy in the system, the conformational entropy effects are added
via analysis of MM or MD generated conformational ensembles; to account for solvation,
the QM approach must be married to implicit solvation models such as REBEL,>1
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polarizable continuum model (PCM), Poisson-Boltzmann/Solvent Accessibility (PB/SA),
COSMO, and others (reviewed in 52).

The recent and not so recent theoretical advances allow very accurate QM treatment of
covalent and, quite importantly, non-covalent interactions in small systems. For example,
with a sufficient level coupled-cluster theory binding energies in non-covalent complexes of
rigid small molecules can be calculated with errors not exceeding 1 kcal/mol.53 Due to basis
set superposition error (BSSE) accurate calculations of van der Waals interactions require at
least avg-cc-pVDZ basis set 48. The complexity of these calculations, however, is such that
only systems of no more than 70 atoms can be treated. Advancing to larger complex sizes
requires lower level theory and leads to immediate loss of “chemical” accuracy. Although in
the recent blind assessment of host-guest binding energy predictions (SAMPL3,%4), QM
methods produced the most accurate predictions (R = 0.94), the obtained RMS errors were
as large as 5.9 kcal/mol.

Ab initio QM calculations for most protein-ligand complexes are extremely time-consuming
at the present state of computational technology, even for a single frozen position of the
nuclei involved (i.e. single point calculation). Therefore, a large number of efforts are
devoted to the design of simplified representations and computationally efficient approaches
that could make QM methods applicable to real-life-size drug discovery problems. These
approaches are based on (i) reducing the size of the system to be treated by QM methods;
(ii) use of semiempirical QM (SQM) methods, and (iii) system fragmentation and
decomposition.

Methods based on reducing the system size frequently divide the system into QM (usually
the ligand and its immediate vicinity) and MM (the rest of the system) parts — the so-called
QM/MM approach. The QM part may include ions and parts of the protein, and can be
treated at any desired level of theory making the approach very attractive for calculations of
metalloenzymes. Burger et al studied interactions of 43 binders and 17 decoys to the
Cytochrome ¢ Peroxidase®® using B3LYP/6-31G* representation for the ligand and
CHARMMZ22 for the protein. When combined with PCM solvation terms, their calculated
QM/MM energy was able to impressively score more than 75% of the binders above all but
one of the decoys.

If not only the ligand but also parts of the protein are included in the QM region (i.e. if
division occurs across covalent bonds), evaluation of the interaction energy between the two
(QM and MM) parts becomes a highly non-trivial task for which several approaches have
been designed.#2 Binding of 28 hydroxamate inhibitors to matrix metalloproteinase 9 was
studied by Khandelwal et al®® using docking, QM/MM optimization, MD and a single point
QM/MM evaluation of the time-averaged complexes. To accurately describe the Zn
coordination interactions, the QM region consisted of four protein residues, the inhibitor,
and the zinc ion, all represented with DFT functional B3LYP, while the remainder of the
protein was treated with MM. The interface between QM and MM regions was mediated by
frozen orbitals; the region interaction was described by point charge/wave electrostatic
interactions and atom/atom van der Waals interactions. Addition of solvent accessible
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surface area (SASA) term for ligand desolvation produced excellent agreement (R? = 0.9)
with the experimental binding energies.

Semiempirical QM
Unlike QM/MM, SQM methods still represent the entire system quantum mechanically.
Calculation speed is gained by reducing the basis set and neglecting or simplifying the most
computationally intensive integrals. While giving reasonable results for covalent
interactions, these approximations largely lead to loss of information on determinants of
non-covalent binding, i.e. hydrogen bonding and dispersion forces, which is corrected by
introduction of parameterized force-field based terms.>® As with classic QM, entropy and
solvation terms are added to obtain the binding energy estimates. For example, in their SQM
study of interactions of 29 guests of cucurbit[7]uril (CB7) host using the Mining Minima
(M2) method and the PM6-DH+/COSMO energy model, Muddana and Gilson®’ predicted
the binding energies with R? = 0.79. In the publication by Fanfrlik et al.,?8 interactions of 11
known inhibitors with HIV-1 protease were studied using semiempirical PM6-DH2
formalism. Consistent with the known role of entropy in the binding of these ligands, PM6-
DH2 scoring of the MM docked poses produced only a weak positive correlation with the
experimental affinities (R = 0.3); however the inclusion of AMBER entropy term, SMD
desolvation and combined PM6-DH2/SMD deformation energy helped to achieve
significant improvement (R = 0.8). The general applicability of this technology remains
questionable, as its performance on 15 inhibitors of CDK2 59 was strikingly different: the
PM6-DH?2 enthalpic term alone produced a good correlation with experiment (R2 = 0.87);
inclusion of the desolvation and ligand entropy terms decreased it to R2 = 0.77, and
incorporation of interaction entropy further decreased it to RZ = 0.56.

Because SQM optimization and evaluation still takes several hours for a host-guest system
and from several days to several weeks for a protein-ligand system on a single CPU, the
methods can hardly be applied to the tasks of large-scale compound screening or
optimization. To overcome this barrier, Zhou and Caflisch80 developed a clever scheme
allowing evaluation of docked poses of millions of compounds. They chose to represent the
polar interaction centers in the ATP binding site of EphB4 kinase with tiny QM probes:
methanol, acetate, methylammonium, guanidinium ions, water and hydrogen fluoride were
chosen to represent the polar groups of Ser/Thr/Tyr, Asp/Glu, Lys, Arg, backbone carbonyl
and backbone amide groups, respectively. These probes and the ligand were described in
PM6 formalism and SQM energies of the poses were calculated taking <0.5 s for a rigid
probe and ~30 s for a flexible probe on a single Opteron 244 2.4GHz. A series of QM-,
MM-based and manual hit filtering steps eventually led to selection of 23 compounds for
validation in an in vitro enzymatic assay against EphB4; among them, one low micromolar
inhibitor was confirmed. Although this success rate is rather low and the confirmed hit is
rather weak, the study represents the first promising attempt to employ QM methodologies
in high throughput virtual compound screening.

Fragmentation and Decomposition

A revolution in the QM treatment of large systems was brought around by the development
of linear scaling algorithms that are based on fragmentation of the system and

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

llatovskiy et al.

Page 8

decomposition of the interactions in a way that takes full account of short distance
interactions but simplifies or neglects the effects of spatially distant features. Examples
include the divide-and-conquer (DivCon62) and fragment molecular orbital (FMQ62)
methodologies. An added bonus of fragmentation methods is that they can be adapted easily
for parallel computation which is currently becoming widely accessible to researchers.

Illustrating its potential of describing the complete ligand-protein system, FMO was applied
to studies of ligand interaction determinants in nuclear receptors (e.g. estrogen a,
progesterone, peroxisome proliferator-activated vy, vitamin D, and retinoid X), FK506
binding protein, metalloenzymes (e.g. farnesyl pyrophosphate synthase®3), and multiple
viral and bacterial targets.52 In the article by Mazanetz et al,4 the binding of 28 inhibitors to
cyclin-dependent kinase 2 was studied with ab initio FMO; 14 of them were represented by
crystallographic poses while for the remaining 14, the poses were modeled by analogy and
minimized in MMFF94x. The complexes were evaluated by FMO at MP2/6-31G* theory
level which, even in the absence of solvation, produced acceptable agreement with
experimental AGping (R2 = 0.68). The addition of PB/SA solvation and PLS of relative
weights of the different terms improved the correlation to R2 = 0.94 (R? = 0.84 on cross-
validation).

The power of divide-and-conquer approach was illustrated in 5 where the first large-scale
validation of a QM-based protein-ligand complex scoring function (QMScore) was
attempted. The benchmarking set contained as many as 165 non-covalent complexes and 40
metalloenzymes. The obtained correlation between predicted and experimental affinities
achieved R? = 0.48 without fitting and RZ = 0.55 with fitting. For the metalloenzymes, the
correlation was R? = 0.68 and R? = 0.70 without and with fitting, respectively. Despite the
modest correlation values, this work is a huge step forward from other smaller single target
studies, as it validates application of a uniform QM-based methodology across heterogenous
target and chemical sets. It also illustrated the fact that in multi-target studies, introduction
of target-specific binding energy shifts may be the only practical way to bring all calculated
energies to the same scale and to make them uniformly comparable across the set.

QM-based atomic charges

In an alternative approach, QM-based partial atomic charges may be calculated, assigned to
atoms in the ligand and the binding site, and used in force-field based scoring and ranking.
This new charge assignment is expected to be more accurate, especially for complexes with
significant charge transfer or polarization. Among several QM methods for calculation of
partial atomic charges,56-68 the one most relevant to protein-ligand binding calculations is
Restrained Electrostatic Potential (RESP ©8). However, due to the computational complexity
of QM charge calculations, much effort in the recent years was devoted to development of
faster schemes closely approximating RESP and other QM changes.

In Ref. 69 the use of using PM6 partial charges resulted in accurate ligand pose prediction
for 42 out of 53 diverse benchmark complexes, while the use of Gasteiger charges resulted
in only 28 accurate geometries. However, accuracy of the binding affinity estimation using
AutoDock scoring function was not influenced by the partial charge calculation method
indicating the inadequateness of the scoring function for this purpose.
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The influence of different charge assignment protocols on prediction of binding energy was
also analyzed on a set of diverse 161 protein-ligand complexes with known binding mode,
using an empirical scoring function with the electrostatic term.”%71 Correlation coefficients
between predicted and experimental binding free energy values were 0.89, 0.90, 0.91, and
0.92 for MMFF, TPACM4, AM1-BCC,”2 and RESP, respectively: an improvement that is
not dramatic, but is nevertheless encouraging due to its consistency with the employed level
of theoretical difficulty.

The influence QM/MM ligand charge assignment on performance of MM rigid-receptor
docking was investigated for 44 inhibitors of checkpoint kinase 1.73 Compounds were
docked in the rigid receptor; the polarizable ligand charges were calculated at the B3LYP/
6-31G* level and used in the consequent round of re-docking and re-scoring. The use of
QM/MM charges improved the correlation between experimental and calculated inhibitor
potencies from R? = 0.622 to R2 = 0.766 when solvation-free scoring functions were used.
However, further pose optimization and evaluation with MM-GBSA resulted in higher
correlation coefficients (R2 = 0.85) for both MM and QM/MM charge assignment, largely
compensating the beneficial effect of QM charge assignment. This illustrates that in many
cases, simulations with force-field based charges are sufficiently accurate, as long as
solvation is properly accounted for.

CONCLUSION

The QM and QM-based methods for ligand docking and scoring briefly reviewed above
showed promising results in application to individual proteins, as long as very accurate and
complete complex models (including all necessary water molecules and hydrogen atoms) are
available. In these somewhat idealized situations, QM approaches may provide
unprecedented accuracy in ranking the binding poses and, most importantly, predicting
binding energies. They also significantly decrease the dependence of inevitable calculation
error3 on the system size as compared to MM methods.”# Detailed studies of a single target
and a small set of ~20-50 compounds are now very amenable to QM methodology, making
it a preferred choice for the tasks of binding energy prediction and compound potency
optimization.

While the associated computational expenses do not warrant the use of QM for larger scale
screening studies, it has proved invaluable for characterization of pockets with polarization
and charge transfer (e.g. metalloenzymes), covalent interactions, reactive intermediates and
transition state analogs. The logical next step in their development would be systematic
benchmarking on large diverse sets of protein structures and chemical compounds. This kind
of benchmarking is a widely accepted practice in classical MM methods,”>"7 but is only at
the initial stages in the QM field.55

Along with software development,’® QM calculations take advantage of the new hardware.
Both single-processor and supercomputing power increases by Moore’s law. For instance,
the 18176 core (Opteron QC 2.2 GHz) Chinook supercomputer used by Odoh and co-
workers 79 ranked 21st in the Top500 List in November 2008 but only 313rd in November
2012 (http://top500.0rg/system/176078). Another notable modern trend is massively parallel

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.


http://top500.org/system/176078

1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

llatovskiy et al.

Page 10

general-purpose calculations on graphical processing units (GPU), and a GPU-based
supercomputer has been recently reported to be used as a web-server for protein-ligand
docking that accounts for quantum entanglement contribution.89

With these advances, QM methods in analysis of protein-ligand interactions become
increasingly popular. We analyzed the trends in the field by counting the relevant
publications in the Web of Science database (http://thomsonreuters.com/products_services/
science/science_products/a-z/web_of science/) for the last ten years. This analysis shows
(Figure 2) that the annual number Np_ of publications devoted to protein-ligand problem
grows exponentially with an annual increase of approximately 4%. The same is true for the
number Ngw of papers on quantum mechanics. Interestingly, the number Np_ qm of
publications that involve both topics simultaneously grows with the annual increase rate of
28%, illustrating the rapid evolution of this area of research. Quantum mechanics
approaches currently constitute less than 1% of all protein-ligand problem publications (i.e.
NpL,om/NpL < 1%); however, extrapolation of the present growth trends will result in at
least 10-fold increase (up to 5%) of their role in the next decade. If the trends continue, by
2028 virtually all articles on QM will address the protein-ligand problem (Npi_ om = Nowm)
and every seventh published article in the area will use a QM approach.

While sharing the general optimism on the subject, we have to realize that induced fit and
crystallographic errors and ambiguities are a reality. Non-ideal three-dimensional structures
dramatically reduce the reliability of QM computations.®®> Methods that are tolerant to minor
structural deviations and are capable of handling diverse conformational ensembles are
essential to address this issue. Therefore, rather than seeing QM completely taking over the
field, we expect diverse approaches, some working from high-accuracy and others from high
volume side of the problem, to slowly converge in their quest of utilizing protein structure
for drug research.

Acknowledgments

Authors thank Dr. Lance Westerhoff (QuantumBio Inc.), Dr. Jaroslav Koca (Masaryk University, Brno, Czech
Republic), and Dr. Michael Petukhov (Petersburg Nuclear Physics Institute, Gatchina, Russia) for valuable
discussions and Dr. Fiona McRobb for help with manuscript preparation. This work was partially supported by NIH
grants R01 GM071872, U01 GM094612, and U54 GM094618.

REFERENCES

1. Kufareva I, llatovskiy AV, Abagyan R. Nucleic Acids Res. 2012; 40:535-540.

2. Dixon SJ, Stockwell BR. Current Opinion in Chemical Biology. 2009; 13:549-555. [PubMed:
19740696]

. Russ AP, Lampel S. Drug Discovery Today. 2005; 10:1607-1610. [PubMed: 16376820]

. Hopkins AL, Groom CR. Nat Rev Drug Discov. 2002; 1:727-730. [PubMed: 12209152]

. The UniProt, C. Nucleic Acids Research. 2011; 39:D214-D219. [PubMed: 21051339]

. Berman HM, Westbrook J, Feng Z, Gilliland G, Bhat TN, Weissig H, Shindyalov IN, Bourne PE.
Nucleic Acids Research. 2000; 28:235-242. [PubMed: 10592235]

7. Ivanisenko VA, Pintus SS, Grigorovich DA, Kolchanov NA. Nucleic Acids Research. 2005;

33:D183-D187. [PubMed: 15608173]
8. Hendlich M, Bergner A, Giinther J, Klebe G. Journal of Molecular Biology. 2003; 326:607-620.
[PubMed: 12559926]

o O W

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.


http://thomsonreuters.com/products_services/science/science_products/a-z/web_of_science/
http://thomsonreuters.com/products_services/science/science_products/a-z/web_of_science/

1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

llatovskiy et al.

Page 11

9. Golovin A, Dimitropoulos D, Oldfield T, Rachedi A, Henrick K. Proteins: Structure, Function, and

10.

11.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.
24.
25.

26.

27.

28.

29.

30.

31.
32.

33.

34.

35.
36.

Bioinformatics. 2005; 58:190-199.

Meslamani J, Rognan D, Kellenberger E. Bioinformatics. 2011; 27:1324-1326. [PubMed:
21398668]

Stuart AC, llyin VA, Sali A. Bioinformatics. 2002; 18:200-201. [PubMed: 11836232]

Wang R, Fang X, Lu Y, Wang S. Journal of Medicinal Chemistry. 2004; 47:2977-2980. [PubMed:
15163179]

Benson ML, Smith RD, Khazanov NA, Dimcheff B, Beaver J, Dresslar P, Nerothin J, Carlson HA.
Nucleic Acids Research. 2008; 36:D674-D678. [PubMed: 18055497]

Liu T, Lin Y, Wen X, Jorissen RN, Gilson MK. Nucleic Acids Research. 2007; 35:D0198-D201.
[PubMed: 17145705]

Chang DT-H, Ke C-H, Lin J-H, Chiang J-H. Bioinformatics. 2012; 28:2162-2168. [PubMed:
22753780]

Bill RM, Henderson PJF, lwata S, Kunji ERS, Michel H, Neutze R, Newstead S, Poolman B, Tate
CG, Vogel H. Nat Biotech. 2011; 29:335-340.

Cherezov V. Current Opinion in Structural Biology. 2011; 21:559-566. [PubMed: 21775127]

Chun E, Thompson Aaron A. Liu W, Roth Christopher B. Griffith Mark T. Katritch V, Kunken J,
Xu F, Cherezov V, Hanson Michael A. Stevens Raymond C. Structure. 2012; 20:967-976.
[PubMed: 22681902]

Kufareva, I.; Abagyan, R. In Homology Modeling. Orry, AJW., editor. Humana Press; 2012. p.
231-257.

Gatica EA, Cavasotto CN. Journal of Chemical Information and Modeling. 2012; 52:1-6.
[PubMed: 22168315]

Karaman MW, Herrgard S, Treiber DK, Gallant P, Atteridge CE, Campbell BT, Chan KW, Ciceri
P, Davis MI, Edeen PT, Faraoni R, Floyd M, Hunt JP, Lockhart DJ, Milanov ZV, Morrison MJ,
Pallares G, Patel HK, Pritchard S, Wodicka LM, Zarrinkar PP. Nat Biotech. 2008; 26:127-132.

Fedorov O, Marsden B, Pogacic V, Rellos P, Muller S, Bullock AN, Schwaller J, Sundstrom M,
Knapp S. Proc Natl Acad Sci U S A. 2007; 104:20523-20528. [PubMed: 18077363]

Schramm VL. Annual Review of Biochemistry. 2011; 80:703-732.
De Vivo M. Front Biosci. 2011; 16:1619-1633.

Potashman MH, Duggan ME. Journal of Medicinal Chemistry. 2009; 52:1231-1246. [PubMed:
19203292]

Singh J, Petter RC, Baillie TA, Whitty A. Nat Rev Drug Discov. 2011; 10:307-317. [PubMed:
21455239]

Braga R, Alves V, Fraga CAM, Barreiro EJ, Oliveira V, Andrade CH. Journal of Molecular
Modeling. 2012; 18:2065-2078. [PubMed: 21901409]

Olah J, Mulholland AJ, Harvey JN. Proc Natl Acad Sci U S A. 2011; 108:6050-6055. [PubMed:
21444768]

Taboureau O, Baell JB, Fernandez-Recio J, Villoutreix BO. Chem Biol. 2012; 19:29-41. [PubMed:
22284352]

Shirvanyants D, Ding F, Tsao D, Ramachandran S, Dokholyan NV. The Journal of Physical
Chemistry B. 2012; 116:8375-8382. [PubMed: 22280505]

Abagyan R,A, Totrov MJ. Comput. Phys. 1999; 151:402-421.

Liao C, Sitzmann M, Pugliese A, Nicklaus MC. Future Medicinal Chemistry. 2011; 3:1057-1085.
[PubMed: 21707404]

Hsieh J-H, Yin S, Wang XS, Liu S, Dokholyan NV, Tropsha A. Journal of Chemical Information
and Modeling. 2012; 52:16-28. [PubMed: 22017385]

Kufareva I, Chen Y-C, llatovskiy AV, Abagyan R. Curr Top Med Chem. 2012; 12:1869-1882.
[PubMed: 23116466]

Sprague JT, Tai JC, Yuh Y, Allinger NL. Journal of Computational Chemistry. 1987; 8:581-603.

Cheng A, Best SA, Merz Jr KM, Reynolds CH. Journal of Molecular Graphics and Modelling.
2000; 18:273-282. [PubMed: 11021543]

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

llatovskiy et al.

37.

38.

39.

40.

41.

42.

43.
44,
45.

46.

47.
48.

49.
50.
51.
52.
53.
54.

55.

56.
57.
58.

59.

60.
61.

62.

63.
64.

65.

66.

67.

68.

Page 12

Arnautova YA, Abagyan RA, Totrov M. Proteins: Structure, Function, and Bioinformatics. 2011,
79:477-498.

Raha K, Peters MB, Wang B, Yu N, Wollacott AM, Westerhoff LM, Merz Jr KM. Drug Discovery
Today. 2007; 12:725-731. [PubMed: 17826685]

Williams SL, de Oliveira CAF, Vazquez H, McCammon JA. Chem Biol Drug Des. 2011; 77:117—
123. [PubMed: 21266015]

Wimmerova M, Kozmon S, Necasova |, Mishra SK, Komarek J, Koca J. PLoS ONE. 2012;
7:46032. [PubMed: 23056230]

Ozawa T, Okazaki K, Kitaura K. Journal of Computational Chemistry. 2011; 32:2774-2782.
[PubMed: 21710635]

Lodola, A.; De Vivo, M. In Advances in Protein Chemistry and Structural Biology. Christov, C.;
Karabencheva-Christova, T., editors. Academic Press; Burlington: 2012. p. 337-362.

Merz KM. J Chem Theory Comput. 2010; 6:1769-1776.

Orry AJW, Abagyan R. Methods Mol Biol. 2012; 857:351-373. [PubMed: 22323230]

Abel R, Young T, Farid R, Berne BJ, Friesner RA. Journal of the American Chemical Society.
2008; 130:2817-2831. [PubMed: 18266362]

Beuming T, Che Y, Abel R, Kim B, Shanmugasundaram V, Sherman W. Proteins: Structure,
Function, and Bioinformatics. 2012; 80:871-883.

Warshel A, Levitt M. Journal of Molecular Biology. 1976; 103:227-249. [PubMed: 985660]

Riley KE, Pitonak M, Jurecka P, Hobza P. Chemical Reviews. 2010; 110:5023-5063. [PubMed:
20486691]

Zhou T, Huang D, Caflisch A. Curr Top Med Chem. 2010; 10:33-45. [PubMed: 19929831]

Burger SK, Thompson DC, Ayers PW. J Chem Inf Model. 2011; 51:93-101. [PubMed: 21133348]
Totrov M, Abagyan R. Biopolymers. 2001; 60:124-133. [PubMed: 11455546]

Tomasi J, Mennucci B, Cammi R. Chemical Reviews. 2005; 105:2999-3094. [PubMed: 16092826]
Hobza P. Accounts of Chemical Research. 2012; 45:663-672. [PubMed: 22225511]

Muddana H, Daniel Varnado C, Bielawski C, Urbach A, Isaacs L, Geballe M, Gilson M. Journal of
Computer-Aided Molecular Design. 2012; 26:475-487. [PubMed: 22366955]

Khandelwal A, Lukacova V, Comez D, Kroll DM, Raha S, Balaz S. Journal of Medicinal
Chemistry. 2005; 48:5437-5447. [PubMed: 16107143]

Rezac J, Hobza P. Journal of Chemical Theory and Computation. 2012; 8:141-151.

Muddana HS, Gilson MK. J Chem Theory Comput. 2012; 8:2023-2033. [PubMed: 22737045]

Fanfrlik J, Bronowska AK, Rezac J, Prenosil O, Konvalinka J, Hobza P. J Phys Chem B. 2010;
114:12666-12678. [PubMed: 20839830]

Dobes P, Fanfrlik J, Rezac J, Otyepka M, Hobza P. J Comput Aided Mol Des. 2011; 25:223-235.
[PubMed: 21286784]

Zhou T, Caflisch A. ChemMedChem. 2010; 5:1007-1014. [PubMed: 20540063]

van der Vaart A, Gogonea V, Dixon SL, Merz KM. Journal of Computational Chemistry. 2000;
21:1494-1504.

Fedorov DG, Nagata T, Kitaura K. Physical Chemistry Chemical Physics. 2012; 14:7562-7577.
[PubMed: 22410762]

Ohno K, Mori K, Orita M, Takeuchi M. Curr Med Chem. 2011; 18:220-233. [PubMed: 21110804]
Mazanetz M, Ichihara O, Law R, Whittaker M. Journal of Cheminformatics. 2011; 3:15. [PubMed:
21569523]

Raha K, Merz KM. Journal of Medicinal Chemistry. 2005; 48:4558-4575. [PubMed: 15999994]
Svobodova Varekova R, Geidl S, lonescu C-M, Skrehota O, Kudera M, Sehnal D, Bouchal T,
Abagyan R, Huber HJ, Koca J. Journal of Chemical Information and Modeling. 2011; 51:1795—
1806. [PubMed: 21761919]

Jirouskova Z, Varekova RS, Vanék J, Ko¢a J. Journal of Computational Chemistry. 2009;
30:1174-1178. [PubMed: 18988249]

Bayly CI, Cieplak P, Cornell W, Kollman PA. The Journal of Physical Chemistry. 1993;
97:10269-10280.

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

1duosnuely Joyny vd-HIN

llatovskiy et al.

69.
70.
71.

72.
73.

74.

75.

76.
77.

78.

79.

80.

Page 13

Bikadi Z, Hazai E. Journal of Cheminformatics. 2009; 1:15. [PubMed: 20150996]

Jain T, Jayaram B. FEBS Letters. 2005; 579:6659-6666. [PubMed: 16307743]

Mukherjee G, Patra N, Barua P, Jayaram B. J Comput Chem. 2011; 32:893-907. [PubMed:
21341292]

Jakalian A, Jack DB, Bayly Cl. J Comput Chem. 2002; 23:1623-1641. [PubMed: 12395429]
DuJ, SunH, XiL, LiJ, Yang Y, Liu H, Yao X. J Comput Chem. 2011; 32:2800-2809. [PubMed:
21717478]

Faver JC, Benson ML, He X, Roberts BP, Wang B, Marshall MS, Kennedy MR, Sherrill CD, Merz
KM. Journal of Chemical Theory and Computation. 2011; 7:790-797. [PubMed: 21666841]

Hartshorn MJ, Verdonk ML, Chessari G, Brewerton SC, Mooij WTM, Mortenson PN, Murray
CW. J Med Chem. 2007; 50:726-741. [PubMed: 17300160]

Huang N, Shoichet BK, Irwin JJ. J Med Chem. 2006; 49:6789-6801. [PubMed: 17154509]

Neves MAC, Totrov M, Abagyan R. J Comput Aided Mol Des. 2012; 26:675-686. [PubMed:
22569591]

Alexeev Y, Mazanetz MP, Ichihara O, Fedorov DG. Curr Top Med Chem. 2012 Epub ahead of
print.

Odoh SO, Walker SM, Meier M, Stetefeld J, Schreckenbach G. Inorg Chem. 2011; 50:3141-3152.
[PubMed: 21391587]

Kantardjiev AA. Nucleic Acids Res. 2012; 40:415-422.

Int J Quantum Chem. Author manuscript; available in PMC 2014 November 18.



1duosnue Joyiny vd-HIN 1duosnue Joyiny vd-HIN

wdudsnuel Joyny vd-HIN

Ilatovskiy et al. Page 14

A

druggable pocket(s)

HUMAN PROTEOME B

high resolution 3D structure binding pocket ensembles "\
+ o s W A\ -

5 VpOCKINGS G,
2000 | [2012 2020 projection ‘kr\t\slﬁglNG_PgNSE
1990 (2010 CCpReDICT!

Figure 1.
(A) Retrospective dynamics and projected estimates for the structural coverage of the human

proteome and pocketome (B) Main classes of computational drug discovery applications.
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Figure 2.

Number of articles per year in Web of Science database, returned by search with keywords
“(protein AND ligand) OR docking” (protein-ligand problem), “quantum mechanics”, and
“quantum mechanics AND ((protein AND ligand) OR docking)” (quantum mechanics in

protein-ligand problem), restricted to published in English in the past ten years. Linear fits

are calculated and extrapolated to 2028.
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