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Abstract

Molecular docking is a popular computational tool in drug discovery. Leveraging structural information,
docking software predicts binding poses of small molecules to cavities on the surfaces of proteins. Virtual
screening for ligand discovery is a useful application of docking software. In this chapter, using the
enigmatic KRAS protein as an example system, we endeavor to teach the reader about best practices for
performing molecular docking with UCSF DOCK. We discuss methods for virtual screening and docking
molecules on KRAS. We present the following six points to optimize our docking setup for prosecuting a
virtual screen: protein structure choice, pocket selection, optimization of the scoring function, modification
of sampling spheres and sampling procedures, choosing an appropriate portion of chemical space to dock,
and the choice of which top scoring molecules to pick for purchase.

Key words Molecular docking, DOCK, Virtual screening, Druggable pockets, Computational drug
discovery

1 Introduction

The objective of molecular docking is to generate and score poses
of small molecules to cavities on biological macromolecules, typi-
cally proteins, to enable drug discovery. We focus on UCSF
DOCK, the first docking software [1]. UCSF DOCK deploys a
receptor-based approach with physics-based scoring functions.
Currently, there are two actively developed versions of DOCK:
DOCK 6 and DOCK 3. These programs differ in their ligand
sampling algorithms: Anchor-and-grow (DOCK 6), and hierarchi-
cal database (HDB) search (DOCK 3). We have implemented HDB
search into DOCK 6 [2]. DOCK 3 can perform covalent docking
by using a modified HDB search method [3]. We direct the reader
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to a protocol paper [4] for a discussion of large-scale docking with
DOCK 3.

There are numerous molecular docking software programs,
including Autodock, Autodock Vina, Glide, FRED, EnzyDock,
Rosettaligand, Gold, Cdocker, Surflex, PLANTS, DockThor,
FlexX, ICM, LigandFit, MCDock, MOE-Dock, LeDock,
rDOCK, RxDock, Diff DOCK, DPL, GNINA, and others [5-8].
Recently, great excitement has emerged around machine learning,
particularly deep neural networks, and seems to be impacting
computational drug discovery and design [9, 10]. Docking pro-
grams deploy an array of sampling and scoring methods. Scoring
functions classify into physics-based, knowledge-based, and empir-
ical [11-16]. Recently, scoring functions have also been derived
from machine learning, e.g., GNINA [17], MedusaNet [18], and
DeepVS [19].

KRAS, a member of the superfamily of guanine nucleotide-
binding proteins, is a GTPase, hydrolyzing GTP to GDP by releas-
ing a phosphate group. The first 165 residues of RAS, referred to as
the G-domain, adopts a topology consisting of 5 a-helices sur-
rounding a 6-stranded f-sheet, arranged in a 3-layer a/p/a sand-
wich architecture known as a Rossmann fold. The secondary
structural elements of KRAS are arranged as follows: B-sheet
1, phosphate-binding loop (p-loop), a-helix 1, Switch I, p-sheet
2, B-sheet 3, Switch II (which contains a-helix 2), p-sheet 4, a-helix
3, B-sheet 5, a-helix 4, B-sheet 6, a-helix 5, and the hypervariable
region (HVR) (Fig. 1). The G-domain has two highly flexible
regions: Switch I (residues 30-38) and Switch II (residues
60-76). The C-terminal HVR of RAS (residues 167-188/189)
can be subdivided into a disordered linker region and a membrane
interacting region that is the locus of posttranslational modifica-
tions (palmitoylation and prenylation), facilitating RAS association
with the cell membrane. In all RAS isoforms, a farnesyl group
present on the hypervariable region (residue 185,/186) acts as a
lipid membrane anchor. GTP and GDP bind under Switch I and
interact with the p-loop, Switch I, a-helix 1, and Switch II.

In the Protein Data Bank (PDB), there are two main pockets
on KRAS that bind small molecules (see Fig. 1b, ¢): the Switch II
pocket formed by molecules wedged between Switch I and a-helix
3 (see Fig. 1d, e), and the Switch I /Switch II pocket (also called the
SOS pocket, see Fig. 1f). Other pockets have also been observed,
including a pocket under Switch I that is less well-represented in the
PDB [20]. Switch T and Switch II are dynamic and play a role in
effector binding [21-30].

Here, we focus on considerations for drug discovery against
KRAS. Misregulation of RAS is implicated in several human disease
conditions. RAS has historically been a difficult molecular target for
several reasons, including the highly potent binding affinity of GTP
to its orthosteric site (Kyq of 10~ M), precluding the development
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Fig. 1 KRAS secondary and tertiary structure, with two prominent binding pockets indicated in tertiary
depictions. (a) Secondary elements are shown in a cartoon (not to scale). Rainbow colors applied where
(-sheet 1, p-loop, o-helix 1, Switch |, B-sheet 2, p-sheet 3, Switch Il (which includes o-helix 2), B-sheet
4, a-helix 3, p-sheet 5, a-helix 4, p-sheet 6, a-helix 5, and the hypervariable region are colored red, grey
(p-loop), red-orange, brown (Switch I), orange, yellow-orange (amber), yellow (Switch 1), yellow-green (lime),
green, blue-green, blue, indigo, violet, and dark gray, respectively. (b) Overlay of three RAS structures with
three small molecules in two distinct pockets. (¢) Rotation of B by 90°. (d) PDB Code 60IM with covalent ligand
sotorasib (AMG 510) in the Switch Il pocket. (e) PDB Code 7RPZ with ligand MRTX-1133 in the Switch Il
pocket. (f) PDB Code 6GJ8 SOS pocket (Switch I/Switch Il pocket) shown, indicated by small molecule
BI-2852. (b)—(f) are made with UCSF Chimera (orthographic mode)
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of competitive inhibitors, and its relatively featureless surface topol-
ogy, making it challenging to identify suitable pockets for small
molecules. The major breakthrough in RAS drug discovery came in
2013, when Ostrem et al. targeted the KRAS G12C mutant in a
covalent screen and discovered the galvanizing small molecule
inhibitor termed Compound 12 [31], although three decades of
effort to discover inhibitors of RAS proteins preceded it. This
molecule eventually led to the development of the first two
approved drugs: sotorasib (Amgen) and adagrasib (Mirati). The
lead molecule, which binds to KRAS in the GDP-bound state,
was discovered in a pocket that is located under Switch II (between
Switch II and a-helix 3), termed the “Switch II pocket.” The
inhibitor was aided by two factors: the relatively high intrinsic
hydrolysis rate of the G12C mutant relative to wild-type KRAS,
allowing RAS to be trapped in the inactive state during the process
of nucleotide exchange, and the catalytic interaction of residue K16
with the covalent warhead [32]. Other molecules have been iden-
tified that bind this site non-covalently [33, 34]. Other inhibitors
that target multiple KRAS mutants are also currently being evalu-
ated, including a pan-KRAS inhibitor by Boehringer Ingelheim,
BI-2865 [35]. Several inhibitors that target KRAS in both the
GDP-bound (inactive) and GTP-bound (active) states are presently
in clinical trials [36-38], including MRTX-1133, a non-covalent
inhibitor that binds to GDP-bound KRAS G12D with picomolar
affinity. Docking to sotorasib and BI-2852 is explored below.

2 Theory and Methods

Before we can understand molecular docking, we first must under-
stand the binding event (Fig. 2). This event can be computationally
studied at different levels of theory, with a trade off between speed
and accuracy. Usually, the more accurate the method, the slower it
is. To calculate a ligand binding free energy to a receptor to form a
complex, we can simulate each species: the complex, receptor, and
ligand [39, 40]. Alternatively, we can run a simulation of the
complex and split it into a receptor and a ligand piece, as is done
in end-state free energy calculations, like MM-GBSA [41], with a
binding energy for each snapshot. These snapshot energies can be
averaged over the simulation, resulting in a binding energy compa-
rable to simulating each species. In docking, the receptor is typically
held rigid, while different orientations and conformations of the
ligand are sampled, generating a large number of complexes
[42]. Each complex is evaluated with a score that typically attempts
to calculate the binding event. The binding event is an ensemble of
conformations, while the docking score is generated by a single
complex. Thus, docking is an approximation from the start,
because of this one complex per score.
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Fig. 2 Cartoons that describe the binding event. (a) Cartoon that shows the jigsaw analogy to the binding
event. The receptor has a missing region that is perfectly filled by the ligand. The ligand and receptor have
complementary charges (represented by the red and blue colors). This stresses the importance of shape (van
der Waals (vdW)) and charge (electrostatics (ES)) complementarity. (b) Cartoon that illustrates the importance
of water displacement and consideration of waters that remain. (¢) Cartoon that shows the presence of
multiple states of the receptor and ligand, and the possibility that the complex stabilizes a state that is not
highly populated in the unbound ensemble. This figure illustrates how the receptor and ligand undergo
conformational changes upon binding

Docking methods seck to approximate the binding event while
remaining fast. Most molecular docking scoring functions crudely
predict the small molecule binding to a protein. Because docking
methods make approximations, we test the software to verify the
speed advantage, and the deleterious impacts on success are man-
ageable using retrospective tests before performing screens.
Despite the approximations made, experimental approaches have
validated docking predictions [43—45].
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The two main scoring functions of DOCK 6 and DOCK 3 are
Grid Score and ChemGrid Score, respectively. Grid Score is a
two-component scoring function: Egq = Eyqw + Egs. It consists
of a van der Waals (vdW) component modeled using the Lennard-
Jones equation, typically with 6-9 or 6-12 exponents
pre-computed and stored on a grid, and an electrostatic compo-
nent, calculated using Coulomb’s law and typically with a distance-
dependent dielectric, also stored on a grid. Grid Score typically uses
an all-atom representation. ChemGrid Score is a three-component
function: EchemGrid = Evaw + Egs + Big, desoly- 1t consists of a vdW
component that uses the Lennard-Jones equation, with 6-12 expo-
nents stored on a grid, and an electrostatic component, calculated
by solving the Poisson-Boltzmann equation using OQnifft
[46, 47]. In addition, ChemGrid Score has a ligand desolvation
component [48, 49]. ChemGrid score uses a united atom repre-
sentation, where only polar hydrogens are explicitly modeled. This
DOCK 3.7 scoring function is cobbled together from different
theories, and we often apply different modifications like thin spheres
to improve docking performance on retrospective enrichment cal-
culations. Additional terms exist and might be added to this scoring
function, including GIST for receptor desolvation [50], ligand
strain [51], and receptor strain when a flexible receptor is used
[52]. For the two main tasks of docking (virtual screening and
binding pose prediction), the balance of considerations is different.
In virtual screening, we want to avoid testing molecules that do not
bind (false positives). In binding mode prediction, we do not want
to discard any molecules (false negatives).

A fast, accurate workflow can be thought of as an upside-down
triangle. First, one runs fast calculations on a large molecular library
and then performs more expensive calculations on the top scoring
molecules, performed in layers. For example, (1) a fast docking can
be performed with DOCK on hundreds of millions (or billons) of
molecules. (2) The top 100,000 ranked molecules can be redocked
with increased sampling in DOCK, and more poses can be saved.
(3) These poses can then be minimized and rescored with other
methods like MM-GBSA calculations or molecular footprint score
[53]. (4) The top thousand or so could then be passed to Amber-
Score [54, 55] or Amber for molecular simulations, to conduct
stability analysis and MM-GBSA binding energy calculations.
(5) For these top scoring molecules, poses, properties, and energies
are then visualized, and molecules are selected for purchase and
experimental testing. (6) For experimentally verified hits,
MM-GBSA, thermodynamic integration, or free energy perturba-
tion calculations could be used for analog selection.

In docking, sampling approximations are made for speed and
include the use of spheres for ligand placement, a rigid receptor,
and an under-sampling of ligand internal degrees of freedom.
Although there are many different sampling methods in other
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docking software, here we discuss two methods implemented in
DOCK. First, in anchor-and-grow, the ligand internal degrees of
freedom are explored on-the-fly using an incremental construction
procedure. The anchor-and-grow algorithm is a breadth-first search
method. Second, in Hierarchical database search, the ligand inter-
nal degrees of freedom are sampled outside of docking. The hier-
archical database search algorithm is a depth-first search method
that traverses and scores pre-computed ligand conformations. This
method is 16x faster than anchor-and-grow [2].

In standard docking, a ligand is placed into a pocket on a
receptor by exploring the three translational and three rotational
degrees of freedom, and the ligand’s internal degrees of freedom. A
pose can be thought of as the internal conformation and orienta-
tion (relative to the protein) of a molecule. Anchor-and-grow and
hievarchical database search are both standard docking algorithms.
Matching spheres are generated by converting crystallographic
ligand atoms to spheres, or by filling a cavity on the protein with
spheres, as is done with the auxiliary program sphgen. These sphygen
spheres can be thought of as occupying the inverse image of the
molecular surface of the protein. Spheres are used for orienting the
ligand into the binding site.

Covalent molecules react with the protein (or biomolecule) to
form an adduct. Most often, these molecules react with a cysteine
residue, as is the case for sotorasib, which targets the KRAS C12
mutation. For covalent docking, we only explore orientations that
are possible considering the covalent bond. Thus, the relative
degrees of freedom between the ligand and receptor are greatly
reduced compared to standard docking. The degrees that are
explored are the dihedral angles, distances, and an angle around
the bond. However, to be effective, the fineness of sampling is
higher. In DOCK 3.6, 3.7, and 3.8, a covalent method has been
implemented that attaches the ligand to the residue by placing a
dummy atom onto the gamma sulfur and adjusting two dihedrals,
the bond angle and a distance about the sulfur [3]. The ligand
internal degrees of freedom are explored by traversing through the
hierarchical database (4542 file) [3].

We recommend, if structural and ligand data exists, that pose
reproduction and enrichment control calculations be performed
before any screen. In pose reproduction, our docking method is
used to reproduce an experimentally determined binding pose. We
define three outcomes of this type of calculation, guided by
Mukherjee et al. [56]: (1) Docking success is when the experimental
pose is reproduced by our docking method as the top scoring pose.
(2) Scoring failureis when the experimental pose is reproduced, but
not as the top scoring pose. (3) Sampling fuilure is when the
experimental pose is not reproduced at all. To calculate these out-
comes, we consider the number of poses kept during docking, and
the method used to determine similarity to the experimental pose.
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Here, we use a symmetry-corrected RMSD (Hungarian algorithm)
[57] with a threshold of 2.0 A. That is, any pose less than 2.0 A
RMSD is considered as reproducing the experimental pose. Alter-
natively, docking success can be defined by considering the top
scoring pose, or the top five scoring poses. In enrichment calcula-
tions, a set of known-binding active molecules and a set of pre-
sumed nonbinding decoy molecules are docked to a protein, and
the ability of our docking method to distinguish between the
actives and decoys is measured. There are several metrics used to
quantify enrichment. One metric is the area under the curve (AUC)
of the receiver operator characteristic (ROC) curve [58]. The ROC
curve AUC, plotted with a logarithmic scale on the x-axis (% of
decoys found, or false positive rate), can be computed to weight
early enrichment more (logAUC). Different docking parameter
options can be examined in a semiautomated format to explore
the enrichment space [59]. Other computational considerations
include choice of ligands, decoy background, and receptor prepa-
ration. Focusing on decoy background, we can choose property-
matched decoys, extrema decoys, a set of known non-binders, or
other backgrounds. The background choice greatly impacts enrich-
ment quantification.

Retrospective calculations are meant to be used as a control to
ensure the setup is behaving as intended or that a code change is
working as expected, before performing virtual screens. Despite
their utility in virtual screening, there are still notable limitations.
These include appropriately weighting early enrichment more than
later enrichment [60], which can be addressed with log-adjusted
AUCs; however, the lower bound then becomes important to
consider [58]. In addition to retrospective tests, one can dock
prospectively to simplified sites, i.e., host-guest systems and
model cavities [50, 61-63].

The main application of molecular docking is virtual screening
in pursuit of discovering small molecules that bind to a protein.
These molecules can be developed further to become drug leads or
biological tool compounds. We examine pitfalls in selecting mole-
cules from a virtual screen (se¢ Note 1) and rules of thumb for
prioritizing molecules from a virtual screen (see Note 2). As a
community, we aspire to dock all accessible chemical space.
Libraries are growing ever larger. We examine the impact of chemi-
cal space growth on our calculations in a thought experiment (see
Note 3) and discuss strategies for docking fewer molecules while
maintaining the ability to accurately identify top-scoring hits (see
Note 4). Before running a screen, we advise optimizing the dock-
ing setup with retrospective calculations and having a binding assay
that is clear and high throughput, where 20-50 molecules and
analogs can be tested without burden.

To prepare the receptor for ChemGrid Score, run the &dlaster-
master.py script distributed with DOCK 3, which performs the
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following: (1) Uses UCSF Chimera’s Dock Prep function to
remove solvent, and remove alternative conformations
[64]. (2) Uses the program reduce [65] to add hydrogens to the
protein. (3) Calculates hydrogens and partial charges for the cofac-
tor as described below. These partial charges are stored, and vdW
parameters are looked up based on the atom type and stored in text
files for use in the next steps. (4) Uses ChemGrid to calculate the
vdW grid. (5) Uses Onifft to calculate the electrostatic grid.
(6) Uses Solvmap to calculate the desolvation grid. (7) Creates
matching spheres, using the experimental ligand atoms converted
to spheres, supplemented with sphgen spheres. Run blastermaster.py
once with the protein and the ion, but without the nucleotide
cofactor (performing steps 2, 4-7), and then a second time using
a protonated protein and cofactor (obtained from steps 2 and 3,
respectively), where blastermaster.py does not add hydrogens but
uses existing ones (see steps 4-7). For both the ES grid and deso-
Ivation grid, thin spheres can be added to perturb the balance of
energetic terms (use dlastermaster defaults with desolvation spheres
from sphgen). For more information about blastermaster.py, see refs.
4 and 47.

To prepare the receptor for Grid Score (the default DOCK
6 scoring method), perform the following: (1) Use UCSF Chi-
mera’s Dock Prep function to remove solvent, remove alternative
conformations, and add charges to the protein andion [64]. (2) Cal-
culate hydrogens and partial charges for the cofactor, as described
below. Chimera is used to combine the cofactor and protein.
(3) Use the auxiliary program sphgen to calculate spheres that fill
pockets on the protein and select spheres within 3 A of the experi-
mental ligand as matching spheres. (4) Use the program Grid to
calculate the vdW and ES grids (see above). The grid is defined and
bounded by a box placed about the spheres, padded with a margin
of 10 A.

Cofactors bound to the protein need to be included in docking
calculations and should be prepared with the receptor. For RAS,
both the nucleotide and a magnesium ion are treated as cofactors.
There are four possibilities for the nucleotide cofactor: not present,
GDP, GTP, or a GTP analog. There are three main analogs: GMPP
[NH]P, GMPP[CH2]P, and GMPPP[yS], all of which differ from
GTP by a single heavy atom. This atom can be mutated back to
GTP, and either the GTP or GTP analog can be used. UCSF
Chimera is used to protonate the cofactor and visually check the
protonation state. Partial charges are computed using AM1-BCC
charges calculated with Antechamber using the SQM program, as
distributed with AmberTools [66]. Partial charges may also be
obtained with Chimera’s Dock Prep module, which for GDP and
GTP can be looked up.

When starting from a chemical structure (SMILES), prepare a
molecule for docking by performing the following steps (see Balius
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etal. [2] for details): (1) tautomerization, (2) protonation, (3) con-
formation generation (going from a chemical structure to a 3D
molecular conformation), (4) partial charge assignment, (5) deso-
Ivation decomposition, (6) conformational expansion (sampling
the internal degrees of freedom of the molecule), and (7) 452 file
generation. To use anchor-and-grow and Grid Score, only steps 1—-
4 are needed to generate mol2 files with a single conformation. To
use ChemGrid Score, step 5 is needed, and desolvation per atom
values need to be added to the mol2 file in a solvation section. For
HDB search, steps 1-7 should be performed. These steps are
deployed by the ZINC database [67] to build molecules. If the
molecule you are interested in docking exists in the ZINC database,
simply download the molecule. There is no need to build the
molecule yourself.

3 Examples

3.1 Preparing RAS
for Molecular Docking
3.1.1 Protein Structure
Choice

3.1.2 Pocket Selection

3.1.3  Optimization of the
Scoring Function

There are over 119 KRAS protein-ligand PDB structures. How can
you pick the best system for docking? Perform retrospective calcu-
lations on each, including both cognate and cross-docking pose
reproduction experiments, and enrichment calculations.

How can you pick the right pocket for docking? The procedure of
blind docking, where the whole surface of the protein is explored
instead of selecting a pocket, is not practical with UCSF DOCK.
We recommend that the user pick a pocket. The most obvious way
is to pick a pocket with a small molecule present. The nucleotide
binding site on RAS is not considered targetable. When a small
molecule is not present, it is less obvious how to pick a good pocket.
Cryptic pockets are difficult to target unless experimental structures
or long molecular simulations reveal them. You should use a holo-
structure with a bound ligand. If this is not possible, then you may
consider other factors, e.g., pocket volume, how enclosed it is, how
hydrophilic, how hydrophobic, or pocket shape. All can help in
making the choice of what pocket to target. The sphgen module can
be used to identify pockets. Deep, narrow sites that are mostly
hydrophobic, but with polar patches, are often the most accessible
to target with molecular docking.

There are a few ways to adjust the scoring to change the energetics
of the pocket. (1) Adjust the protein structure in the
following ways: (i) Modify the protonation state on titratable resi-
dues: the most obvious residue is histidine, which can be charged, or
protonated on the e- or 8-nitrogen. (ii) Flip residues: glutamines
and asparagines are good candidates because the amide nitrogen
(H-bond donor) vs carbonyl oxygen (h-bond acceptor) offer up a
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3.1.4 Modification of
Matching Spheres and
Sampling Procedure

different environment. (iii) Rotate hydroxyls on serines and threo-
nines, or flip the hydroxyl on tyrosines. (iv) Explore alternative
sidechain conformations: sometimes there are alternative confor-
mations in the PDB, or a rotamer library can be used. (2) Alter the
balance between electrostatics and ligand desolvation terms. (i) In
DOCK 3.7 and 3.8, this is primarily accomplished with thin spheres,
which will adjust the molecular surface used in the electrostatics
and desolvation grid calculations. The thicker the layer added to the
surface, the stronger the electrostatics contribution; likewise, the
thicker the layer of desolvation spheres, the more the poses are
desolvated. Because the geometric placement of this layer is extend-
ing the surface, this strengthening of the contribution is dependent
on the poses. The electrostatics thin spheres will encourage the
placement of complementary charges close to the surface to be
inside the boundary, so that it experiences a dielectric of 2 rather
than 80. You can use the DOCK 3.7 and 3.8 scoring function in
DOCK 6 and thus take advantage of these procedures. (ii) You can
also increase the polar nature of groups by subtracting partial
charge from one atom and adding it to another. (3) Add structural
waters to the pocket. A structural water may be determined by
looking at preserved water across multiple structures, or, alterna-
tively, with inhomogeneous solvation theory. If a structural water is
unfavorable to displace, then including the water as part of the
receptor is advisable. It might be clear how the water hydrogens
are oriented based on the receptor; if it is unclear, alternative water
orientations might impact the calculation and could be considered.

The matching spheres control where to place a small molecule.
Only the anchor of the small molecule is placed on the spheres in
anchor-and-grow, and likewise, its rigid segment is placed in HDB
search. If the spheres are altered, the sampling will be perturbed. To
alter the sampling behavior, you can perform the following:
(1) Change the spheres. (i) Delete one or more spheres. For exam-
ple, if the molecule that is being docked is being placed outside the
pocket, then remove all spheres near where the molecule is being
undesirably placed, and re-dock. (ii) Move one or more spheres.
For example, if you notice that the binding mode is not exactly to
your liking, you can move spheres to better position the ligand.
There are automated scripts in teb_scripts_programs [68] that will
randomly perturb the sphere coordinates. This is to help under-
stand the sensitivity of the results on sphere locations. (2) In
DOCK 6, there are parameters that can be applied, like critical
points. This allows the user to specity that a specific sphere be used
for all placements (orients). Thus, instead of deleting the spheres, as
was discussed above, you can insist that DOCK match the ligand
with specific spheres.
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3.1.5 Chemical Space

3.1.6 Hit Picking

3.2 Two KRAS
Examples

The ZINC database is a publicly available resource that provides
accessible chemical space, aspiring to store all vendor catalogs in
standard file formats as well as DOCK-ready formats. The choice of
the slice of the database to dock depends on your objectives. Dock-
ing fragments are useful for initial hits. They are often more soluble
but are also lower in affinity. Lead-likeis the most general portion to
dock. Drug-itke are large (and thus more flexible) and more expen-
sive to dock (we often approach druyg-like for selecting for analogs).
In a typical workflow, you can dock fragments and lead-like to
generate hits for experimental testing. See Note 4 for strategies
for docking fewer molecules without detection-accuracy loss for
top-scoring hits. Library bias is a concern for screens on the order
of 10° molecules. Perhaps, as libraries continue to grow, this will
become less of an issue. However, there are still clear biases that
exist in libraries [69]. For specific targets, it is possible to design
bespoke libraries to bias toward the region of chemical space that
likely is richer in binding molecules [70].

Notes 2 and 1, respectively, provide guidance on which top-scoring
molecules to purchase and which to discard because of artifacts
(i.e., broken molecules).

Here, we will walk through retrospective tests of docking to two
KRAS systems (Table 1). (1) KRAS bound to inhibitor BI-2852,
with GTP analog GMPPCP (PDB ID: 6GJ8). This ligand induces a
dimer, and we dock to both the dimer and the monomer. (2) KRAS
bound to covalent inhibitor sotorasib, the first approved drug that
binds to KRAS, also called AMG 510, with cofactor GDP
(PDB ID: 60IM). We created online tutorials, available at
https: //github.com/tbalius /teb_docking_test_sets/wiki, where
we go through these examples in step-by-step detail. In addition,
we are developing a RAS docking test set, which includes these
systems, that we plan to publish. These tutorials will be updated
over time as DOCK develops and the RAS test set grows.

For both systems, start by preparing the receptor for docking
by generating spheres and computing energetic grids (see above).
Select the spheres within a certain distance from the experimentally
determined ligand, and convert the experimental ligand atoms to
spheres. To prepare the receptor for grid generation, complete
missing side chains, add hydrogens to the protein, add hydrogens
to the cofactor, and calculate the partial charges on the cofactors
(see Subheading 2). Calculate the energetic grids. Next, prepare the
crystallographic  ligand for docking, and perform pose
reproduction.

For BI-2852, dock to both the monomer and the dimer (see
Table 2 and Fig. 3). When docking to the monomer, notice that
DOCK correctly positions the portion of the ligand in the pocket
to match the crystallographic ligand (se¢ Fig. 3). However, DOCK
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Table 1
Ligand and structures used for docking

Molecule Chemical structure SMILES Notes
BI-2852 N:\ OC(C=C1)=CC Binds to the SI/SIT
N ([Ce@H](C2=C pocket. Appears to
g " 4 (CNCC3=CC4=C stabilize a
O / /\@} (C=©CC5=CN nonfunctional
A (C)C=N5)C=C3) dimer of RAS
° NC6=CC=CC=C62) PDB ligand name:
O N7)=C1C7=0 FOK
Ho PDB entries: 6GJ8,
6ZL5

Sotorasib O=C(C=C)N1C[C@H] First FDA-approved

ON(C2=NC(N(CO
(C)C=OC3C(C)C)
C4=C2C=C(F)C
(C5=C

S0

—0)CCl

(0)C=CC=C5F)=N4)

drug. Has two
trade names:
Lumakras and
Lumykras

Covalent molecule
targeting G12C.
Binds to the SIT
pocket

PDB ligand name:
MOV

PDB entry: 60IM

Underlined PDB entries used for docking in examples

Table 2

Pose reproduction results for non-covalent docking of BI-2852

Molecule RMSD? (BE)" Energy (BE) RMSD (BR)®
BI-2852 monomer 3.43 —76.71 2.32
BI-2852 dimer 0.61 —116.33 Same

*RMSD calculated in DOCK using the Hungarian algorithm to correct for symmetry.

Units are in A
BE stands for best energy pose
“BR stands for best RMSD pose from 25 poses kept

has difficulty orienting the methylimidazole ring. Despite a portion
of the ligand matching the experimental pose closely, the RMSD is
poor (RMSD = 3.43, see Table 2) because the pose diverges. If the
ligand were to adopt the experimental pose in the context of the
monomer, the methylimidazole ring would be solvent-exposed.
Instead, a pose that lies along the surface is chosen. When docking
to the dimer, additional interactions from the second protein allow
DOCK to reproduce the experimental pose (RMSD = 0.61 A).
For sotorasib, perform both non-covalent and covalent dock-
ing (see Table 3 and Fig. 4). Of the two, sotorasib is the most
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[] Experimental
'] Monomer docked
[ ] Dimer docked

Fig. 3 Comparing poses of BI-2852 docked to the monomer or the dimer.
Clockwise, starting from the top left: the dimer of KRAS is shown with
BI-2852, with experimental pose in cyan, the pose docked to the dimer in light
green, and the pose docked to the monomer in pink. In the expanded inset is the
zoom-in of the pocket with all three poses overlaid. Finally, on the bottom left,
the overlay of just the three poses is shown. (Images made with UCSF Chimera
(orthographic mode))

challenging to successfully dock, due to considerations for how to
deal with the covalent adduct, and issues arising from ligand strain
of the experimental structure.

For non-covalent docking of sotorasib, alter the ligand by
removing the atom that participates in the covalent bond, and
computationally mutate the cysteine C12 to an alanine. The inter-
nal energy for the experimental pose is high. To reproduce the
experimental pose, increase the internal energy parameter to
1,000,000.0 kcal/mol. This internal strain is not as large for the
ligand built from SMILES, and the normal value of 100 can be
used. This highlights that, for some ligands, particularly structurally
congested molecules, the internal conformations may have large
internal strain, and thus it is important to consider the baseline or
minimum strain for that molecule (conformation). In pose
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Table 3

Pose reproduction results for non-covalent docking and covalent docking of sotorasib

Molecule

RMSD? Energy RMSD
(BE)b (BE) (BR)° Notes

Sotorasib non-covalent from  5.27 —57.17 4.29  Because of ligand strain of the experimental

experimental structure

structure, you will need to adjust the
parameter internal_energy_cutoff
(1,000,000.0)

Sotorasib non-covalent from  0.40 —79.52 Same DOCK reproduces the experimental pose

experimental structure

(LAS subset?)

Sotorasib non-covalent from  4.56 —59.24 1.19  Conformation has less ligand strain energy
SMILES (internal energy)
Sotorasib non-covalent from  1.40 —62.25 Same The pose looks good, but ring pucker is
SMILES (LAS subset®) different and the 3-chlorophenol ring is
flipped
Sotorasib covalent (SMILES)® 9.03 —11.97" 8.69 DOCK fails to reproduce the experimental
pose
Sotorasib covalent 091 —43.93" 0.86 DOCK mostly reproduces the pose (but
(experimental structure)® the pyridine ring is flipped)

SRMSD calculated in DOCK using the Hungarian algorithm to correct for symmetry. Units are in A

BE stands for best energy pose

“BR stands for best RMSD pose from 25 poses kept

9The Agand atoms are converted to spheres. A solvent accessible group was removed to focus sampling in the cavity
“Result generated with DOCK 3.7

fChemGrid Score (all others are Grid Score)

reproduction for sotorasib, the spheres make a difference. If you
use spheres generated with sphgen, you will not find a good pose,
with the best RMSD of 4.29 A, and 1.19 A when using SMILES
(see Table 3). However, if you use the ligand atoms as spheres (see
Fig. 4a, b), you will get better results: the RMSD is 0.40 A for the
ligand built from mol2 and 1.40 A from SMILES (sez Table 3).
When you prepare the ligand database from SMILES, the pucker
for the piperazine ring will not match the experimental structure
unless additional, higher-energy ring conformations are generated.

For covalent docking, use DOCK 3.7, the DOCKovalent
method [3]. DOCK 3 uses ChemGrid Score. Before generating
energy grids, remove the gamma sulfur atom and its attached
hydrogen atom from covalent residue CYS12. If you use the mole-
cule generated from SMILES, you will not be able to reproduce the
experimental pose (the best RMSD is 8.69 A, see Table 3, Fig. 4c).
However, when you use the molecule generated from the experi-
mental structure (bond length and angles are preserved, but dihe-
dral information is forgotten), you will be able to reproduce the
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Fig. 4 Sotorasib docking pose reproduction experiments. (a) Non-covalent docking pose (white) generated
from SMILES docked with DOCK6 using the anchor-and-grow algorithm and compared to experimental pose
(sky blue). (b) Non-covalent docking pose (light green) generated from the experimental structure (i.e., bonds
and angles are preserved from the experimental structure) docked with DOCK6 using the anchor-and-grow
algorithm. (¢) Covalent docking pose (yellow) from SMILES docked with DOCK3 using the DOCKovalent
algorithm. (d) Covalent docking pose (magenta) from experimental structure docked with DOCK3 using
DOCKovalent algorithm

pose of the experimental structure: 0.91 A (best score) and 0.86 A
(best RMSD), as shown in Table 3 and Fig. 4d.

To perform enrichment, begin by preparing a database of
ligand and property-matched decoys for docking. The database
should include five ligands from the PDB that bind to the Switch
1/Switch II (SOS) pocket, including the BI-2852 molecule (see
tutorial instructions). Property-matched decoys are property-
matched to the ligands by formal charge, molecular weight, calcu-
lated water-octanol partition coefficient, rotatable bonds, number
of hydrogen-bond donors, and number of hydrogen-bond accep-
tors. Include potential decoys for each ligand protomer, discarding
decoys too similar to ligands, and clustering decoys that are similar
to each other. Aim to assign 50 decoys to each ligand protomer.
Online resources for generating property-matched decoys from a
set of ligand SMILES are available at https: //dude.docking.org and
https: //tldr.docking.org [71, 72]. DUDE decoys can be used for
this calculation (see the tutorial for more information). Using the
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3.3 lllustrative
Virtual Screening
Results

Table 4
Enrichment for the SOS pocket

AUC logAUC
Grid Score 77.60 19.45
Grid Score, keep 10 77.60 17.37
Grid Score, keep 10, torsion min 75.93 18.13
ChemGrid Score 63.60 17.01
ChemGrid Score, keep 10 63.67 19.99
ChemGrid Score, keep 10, torsion min 64.33 18.64

DOCK 3.8 pipeline, prepare ligand and decoy molecules for dock-
ing in the 442 file format, and then perform docking with DOCK
6’s HDB search.

Upon performing the calculation, you will see that Grid Score
seems to outperform ChemGrid Score for AUC (77.6 compared to
63.60), but that they perform more similarly for logAUC (19.45
compared to 17.01) (see Table 4). For ChemGrid Score, if you
conduct additional sampling, it seems to help (17.01 compared to
19.99), but minimization does not seem to help (see Table 4).

We performed a large-scale virtual screen of ~158.7 million mole-
cules with DOCK 3.8 on the SOS pocket defined by the BI-2852
molecule (PDB: 6GJ8) on RAS as a monomer. A similar docking
setup was used to that described above, but the GTP analog was
kept as GMPPCP (not converted to GTP). We visualized the top
1000 poses. Although many of the top-scoring molecules look
promising, here we showcase four molecules, which we would
discard based on the docked pose, to illustrate docking zssues. We
discard molecules that (1) have multidentate interactions (an atom
of one residue should not accept many interactions from the small
molecule pose) (see Fig. 5a); (2) look like known binders (see
Fig. 5a); (3) are occupying a tautomeric or protonation state that
is not well occupied at the relevant experimental pH, most often
pH 7 (see Fig. 5b); (4) float above the pocket and do not fill the
pocket or make good contact with the pocket (see Fig. 5¢); and
(5) have stranded interactions (see Fig. 5d). See Note 2 for more
details of rules of thumb. To go into more detail on the example
from point 3 (Fig. 5b), the molecule is incorrectly protonated. The
2-aminoquinoline ring has a predicted pKa of 6.16, according to
ChemAxon, and will be 91.64% in the neutral state at pH 7.2.
When chlorine is in the ring, the predicted pKa is lower (5.41),
resulting in 98.41% of the species being in a neutral state at pH 7.2.
The conformation is strained because the 2-aminoquinoline ring
group should be planar.
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Fig. 5 Molecules that exhibit unwanted behavior or properties from an example screen. (a) A molecule that
resembles the experimental molecule and that has a congested tri- or quadridentate interaction. Red arrow
points to congested interaction. (b) A molecule that is an incorrect protomer and tautomer and is in a strained
conformation. (¢) A molecule that does not fill the site. (d) A molecule that has stranded h-bond donors and

stranded acceptors

4 Concluding Thoughts

Here, we hope that you have learned about the following: (1) The
molecular binding event, and how docking uses approximations to
model binding at scale. (2) Molecular docking of covalent and
non-covalent ligands using DOCK. (3) KRAS, and issues with
docking to KRAS. Potential issues in these docking calculations
associated with the small molecules, including ring puckers and
internal strain, have been explored. (4) Rules of thumb for picking
molecules from virtual screens. (5) How to perform retrospective
calculations, including pose reproduction and enrichment calcula-
tions to evaluate a docking setup. (6) How to choose a database of
small molecules for virtual screening. (7) Potential pitfalls using
molecular docking for ligand discovery, and how to avoid them.

5 Notes

1. Pitfalls in molecular docking for virtual screening.
Broken molecules habitually score well: These molecules
exploit issues with the scoring function. Examples of broken
molecules include (1) incorrect protonation — states,
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(2) unphysical tautomerization, (3) strained ligand conforma-
tion, (4) incorrect partial charge assignment, and (5) incorrect
desolvation per atom assignment.

2. Rules of thumb for prioritizing molecules from a virtual screen.
Discard the docked poses of molecules if they possess the
following: (1) Unsatisfied h-bond acceptors and donors. Pay
attention to internal h-bonds. One strained donor and two
strained acceptors are permitted. (2) Poor surface contacts,
large gaps between receptor and ligand surfaces. (3) Internal
issues that indicate that it is a broken molecule (se¢ Note 1).
(4) Many internal degrees of freedom (entropic cost).
(5) Extreme hydrophobicity. If it is too polar, it will pay a
cost to come out of water. If it is too hydrophobic, it might
not be able to be tested because it falls out of solution.
(6) Extreme size. If it is too big, it will not fit in the pocket.
Conversely, if'it is too small, it might not fill the site, or it might
be nonspecific. (7) Reactive groups. We might permit weak
reactive groups, but will discard very reactive molecules.
(8) Pan-assay interference compounds (PAINS). We will often
permit molecules with these vulnerabilities, since these mole-
cules are meant to be leads. (9) Similarity to known aggrega-
tors. One of the biggest nonspecific binding artifacts is
colloidal aggregation, where a compound will form colloids
and will absorb the proteins on their surface and interfere
with assays. (10) Molecules that resemble undesirable mole-
cules, for example, known binders (we are looking for the new,
not the old), or bad actors (points 7-9). Molecules selected for
experimental testing should satisfy critical interactions: e.g.,
they should make a key salt-bridge or a key hydrogen bond.
These rules of thumb are not hard and uncompromising. If you
believe in a molecule, test it.

3. A thought experiment: Chemical space tractability.

Assume a docking rate of 1 molecule per second, the
average time for DOCK [73]. Docking 0.5 billion molecules
takes 500 million seconds on one CPU core. If we run on 1000
CPU cores, it will take 500,000 s, which is ~5.8 days. If we
dock 5 billion molecules on the same number of machines, it
will take about 10 times longer: ~58 days, or ~2 months. This is
too long, but there are ways to make it faster: (1) Dock with
more CPUs: one way to do this is to use the cloud [74];
(2) make docking faster through algorithm improvements;
and (3) focus on the productive portion of chemical space.

Another consideration is disk space. 0.5 billion molecules
use about 50 TB of disk space. Five billion would use ten times
that, about 500 TB or 0.5 PB. This is used to store the
precomputed conformations of the ligands. At scale, the over-
head incurred by filesystem operations begins to play a role in
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the throughput of molecular docking algorithms [75]. Paralle-
lization of docking necessitates consideration of the costs
incurred by file writing, reading, and memory usage, and algo-
rithms developed for docking billions of molecules must con-
sider their use of filesystem resources to ensure reasonable
throughput and stability. Do we have any real advantage to
docking more molecules? How big is too big? In Lyu et al.
[76], the authors state that docking larger and larger databases
in the foreseeable future is worth the additional investment in
computational time and resources.

. Approaches to more efficiently sample rapidly expanding chem-

ical space.

To address expanding chemical libraries, ideas for improv-
ing the efficiency and throughput of docking have been devel-
oped. For example, chemical space can be reduced. One can
dock synthons, which are fragments based on reactants used to
generate a chemical library, like Enamine Real. The molecules
from the chemical library associated with the top scoring syn-
thons can then be docked [77, 78]. These synthons scale on the
order of the second or third root of the library size. Another
method is to train a machine learning model, using chemical
structures and docking screens, to predict docking scores to
prefilter libraries to help prioritize molecules for docking. This
has an effective speed up of 10%, with the potential for speed-
ups of 100-1000x given improvements in model accuracy, and
does not significantly impact the quality of hits [79]. This type
of method would be trained on a specific docking setup (pro-
tein, pocket, setup parameters used), and this training needs to
happen before each unique docking campaign. Related to this
are active learning approaches, which have also been used
effectively to increase throughput and reduce computing
costs by more than an order of magnitude. In this process, a
small subset of molecules is randomly selected from a library,
docked, and used to train a machine learning model to predict
the docking scores of the remaining library, followed by itera-
tive rounds of selecting the top-ranked machine learning pre-
dictions for further docking to refine the model [80-82]. A
similar method is Adaptive Target-Guided Virtual Screens
[83]. Here, a sparse docking is performed, and then the algo-
rithm focuses on the perceived richest part of chemical space.
Alternatively, the user could pick the space based on their own
knowledge of the pocket. Other approaches have been
hardware-based, e.g., adapting docking algorithms to run on
GPUs [84], and in combination with software that permits the
usage of high-performance computing or cloud-based
resources [74, 85].
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