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Abstract
Computational prediction of protein–ligand interactions is a useful approach that aids the drug discovery process. Two major 
tasks of computational approaches are to predict the docking pose of a compound in a known binding pocket and to rank 
compounds in a library according to their predicted binding affinities. There are many computational tools developed in 
the past decades both in academia and industry. To objectively assess the performance of existing tools, the community has 
held a blind assessment of computational predictions, the Drug Design Data Resource Grand Challenge. This round, Grand 
Challenge 4 (GC4), focused on two targets, protein beta-secretase 1 (BACE-1) and cathepsin S (CatS). We participated in 
GC4 in both BACE-1 and CatS challenges using our molecular surface-based virtual screening method, PL-PatchSurfer2.0. 
A unique feature of PL-PatchSurfer2.0 is that it uses the three-dimensional Zernike descriptor, a mathematical moment-based 
shape descriptor, to quantify local shape complementarity between a ligand and a receptor, which properly incorporates 
molecular flexibility and provides stable affinity assessment for a bound ligand–receptor complex. Since PL-PatchSurfer2.0 
does not explicitly build a bound pose of a ligand, we used an external docking program, such as AutoDock Vina, to provide 
an ensemble of poses, which were then evaluated by PL-PatchSurfer2.0. Here, we provide an overview of our method and 
report the performance in GC4.
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Introduction

Computer-aided drug discovery (CADD) has been widely 
used in modern drug discovery [1, 2]. CADD methods 
can be roughly classified into two categories based on 
their purposes. The first category predicts a binding pose 
and the binding energy of a compound within a binding 
pocket of a target protein. Methods in this category take 

three-dimensional structures of the protein and the ligand 
as input, generate conformations of the ligand molecules 
in the pocket, and predict the binding Gibbs free energy of 
the conformations. Most popular methods in this category 
use rather simplified empirical scoring functions to assess 
the binding energy [3–6]. A free energy calculation using 
molecular dynamics simulation such as the free energy 
perturbation (FEP) [7] provides a more rigorous option for 
binding energy computation [8].

The other category is virtual screening (VS). VS per-
forms high throughput screening of compounds, where the 
goal is to find highly promising ligands that could be seed 
compounds to develop drug molecules for a target disease 
or protein from a large library. VS software can be further 
classified into structure-based methods, which use a target 
protein’s structure information, and ligand-based methods, 
which use the information of known drugs. Various types 
of scoring functions have been developed. For structure-
based VS, scores used include receptor pharmacophore 
search [9] and protein–ligand docking [10]. For ligand-
based VS, scores such as fingerprint comparison [11], 
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molecular shape-based comparison [12], QSAR [13], 2D 
molecular graph comparison [14], and ligand pharmaco-
phore search [15].

Recently, machine learning including deep neural net-
work has become popular in CADD. Machine learning 
methods can take advantage of an increasing amount of 
data accumulated over the years and can combine various 
types of data to make predictions [16]. They also consider 
non-additive contributions of functional groups and per-
form screening relatively faster than speed than conven-
tional energy-based methods [17–20].

Since various software packages have been developed 
for different categories of CADD, it is difficult to objec-
tively compare existing software and understand their 
strengths and weaknesses. Drug Design Data Resource 
(D3R), directed by Drs. Amaro and Gilson of the Uni-
versity of California San Diego, work toward this goal, 
aiming to advance current CADD methodologies by organ-
izing blind, community-wide prediction challenges [21]. 
The challenge is composed of three parts: binding pose 
prediction, free energy prediction, and affinity ranking of 
ligands. In 2018, D3R organized the fourth Grand Chal-
lenge (GC4), targeting beta-secretase 1 (BACE-1) and 
cathepsin S (CatS). Ligands to be docked or ranked were 
provided by two pharmaceutical companies, Novartis and 
Janssen Pharmaceuticals.

Here, we discuss the performance of our group in GC4. 
We participated in GC4 challenges using our own struc-
ture-based virtual screening program, PL-PatchSurfer2.0 
[22–24]. The unique feature of this program is that it uses 
molecular surface patches to quantify physicochemical 
complementarity between a ligand and a receptor. Physico-
chemical characteristics of a molecular surface patch are 
encoded as vectors of three-dimensional Zernike descrip-
tors (3DZD), a rotationally invariant 3D shape descriptor, 
which is based on a mathematical series expansion of a 
3D function [25]. 3DZD has been successfully applied for 
global shape comparison of biomolecules [26–28], local 
patch matching for protein–protein docking prediction [29, 
30], ligand-based VS [31], binding ligand prediction by 
pocket–pocket comparison [32, 33]. In our previous work, 
we showed PL-PatchSurfer2.0 performed better than other 
receptor-based VS methods, especially when using apo 
structures and template-based modeled structures as recep-
tor structures [22].

In GC4, we participated in two binding pose predic-
tion challenges of BACE-1, as well as the affinity rank-
ing of both BACE-1 and CatS. For affinity ranking, we 
placed 8th out of 54 participants and 27th out of 55 par-
ticipants in terms of Kendall’s τ correlation coefficients 
for BACE-1 and CatS, respectively. In the binding pose 
prediction category, our performance was ranked 61st out 
of 70 submissions.

Methods

Overview of PL‑PatchSurfer2.0

PL-PatchSurfer2.0 is a virtual screening program that rep-
resents a molecular surface as a set of overlapping surface 
patches using 3DZD [22–24] (Fig. 1). The surface of a 
molecule is computed with APBS [34]. The surface is seg-
mented to patches by cutting the whole surface using 5 Å 
radius spheres with 3 Å overlap. Four physicochemical 
features are considered to characterize a surface patch: 
shape, the electrostatic potential, hydrogen bond donors/
acceptors, and hydrophobicity. APBS calculates the elec-
trostatic potential on surface points by solving the Pois-
son–Boltzmann equation. Hydrophobicity on surface 
points is calculated as a field-type [35] by taking atomic 
hydrophobicity from XLogP3 [36]. Hydrogen bond char-
acters on each surface point are taken from the nearest 
atom. The values mapped on the surface patch are then 
converted to 3DZD. 3DZD is a vector, which is a set of 
coefficients from a series expansion of a 3D function using 
Zernike–Canterakis basis functions [25]. A unique feature 
of 3DZD is its rotational invariance, thus there is no need 
to rotate a surface patch to compare against another patch. 
A Similarity of two 3DZDs can be simply computed as 
the Euclidean distance between them. Compatibility of a 
ligand and a binding pocket is quantified by the local patch 
similarity search using the Euclidean distance of 3DZD of 
four physicochemical properties and the similarity of the 
location of matching patches in the ligand and the pocket 
surface. The local patch representation with 3DZD already 
accommodates a certain level of molecular flexibility; 
however, alternative conformations of small ligand mol-
ecules that arise by rotational isomers of chemical bonds 
result in incompatibly large differences in surface shapes. 
Therefore, PL-PatchSurfer2.0 first generates multiple 
conformations of compounds in a library, and each of the 
conformations is evaluated for compatibility with a target 
binding pocket.

D3R Grand Challenge 4

The fourth round of D3R, GC4, was composed of two 
subchallenges. Subchallenge 1 had BACE-1 as the tar-
get protein and consisted of three stages, 1a, 1b, and 2. 
BACE-1 is a transmembrane aspartic-acid protease, 
which is crucial for generating beta-amyloid, making it 
an interesting therapeutic target for Alzheimer’s disease 
[37]. Stage 1a was to predict crystallographic poses of 20 
ligands, to rank 154 ligands, and to calculate the absolute 
binding free energies of 34 ligands. The compound lists 



Journal of Computer-Aided Molecular Design 

1 3

were provided by Novartis. A FASTA format sequence of 
BACE-1, chain A of 5YGX, which is a PDB entry [38] 
to be used as a reference frame crystal structure, and 
the three ligand sets of SMILES strings were provided 
to participants. In the binding pose prediction category, 
the participants needed to submit atomic coordinates of 
complexes of the receptor (in the PDB format) and the 
ligand (in the MOL format). Thus, participants of this 
category had to model the three-dimensional structure of 
the protein or identify a crystal structure from the PDB 
database suitable for modeling, and perform ligand dock-
ing. The organizers calculated RMSD of the submitted 
poses after the submitted receptor structure (5YGX A 
chain) was superimposed to a reference structure, and the 
performance of each participating group was evaluated in 
terms of the RMSD.

For the affinity ranking category, the participants were 
asked to sort the ligands according to the predicted affinity 
and turn in the ranking of ligands with scores. The perfor-
mance was evaluated by Kendall’s τ correlation coefficients 
and Spearman’s ρ correlation coefficients, between the sub-
mitted compound rank and the rank of ligands sorted by 
 IC50. The two coefficients are measures of rank correlation, 
the similarities of the orderings of the data when ranked by 
each of the quantities, range from − 1 (perfectly reversed 
ranking) to 1 (perfect ranking). The difference between τ 

and ρ is how they are calculated. Spearman’s ρ correlation 
coefficients are calculated based on deviations. On the other 
hand, Kendall’s τ correlation coefficients are proportional 
to a difference between the number of concordant pairs and 
discordant pairs. In statistics, two variables  (X1,  Y1) and  (X2, 
 Y2) are called concordant if both  X1 > X2 and  Y1 > Y2 or if 
both  X1 < X2 and  Y1 < Y2. In the case of affinity ranking, X 
and Y are ranks of a compound.

Stage 1b was a self-docking experiment. The aim of stage 
1b was to predict docking poses of the 20 ligands, the same 
compounds given in stage 1a, in their cognate receptor struc-
tures. After the stage 1a deadline had passed, 20 pairs of a 
crystal structure of BACE-1 without bound ligand coordi-
nates and the SMILES string of the ligand were provided. 
The evaluation process was the same as stage 1a, where the 
RMSD of the submitted ligand conformation was used as 
the evaluation metric.

Stage 2 was to predict the affinity ranking of the 154 
ligands and the absolute binding energies of the 34 ligands, 
which were the same ligand sets as used in stage 1. A differ-
ence in stage 2 was that 20 additional crystal structures of 
BACE-1 were provided, which bind different ligands from 
the target ligands in this challenge. Our group participated in 
binding pose prediction and affinity ranking of compounds 
in stage 1a, stage 1b, and stage 2 of subchallenge 1, but 
we did not participate in the absolute binding free energy 

Fig. 1  A schematic illustration of PL-PatchSurfer2.0. A surface of the 
target binding pocket of the receptor is segmented into patches. For a 
compound library, multiple conformations of compounds (up to 50) 
are generated. The surface of a ligand conformation is segmented into 
a couple of patches. Four characteristics, shape, electrostatics, hydro-
gen bond, and hydrophobicity of patches are computed and further 

converted to 3DZD. The complementarity between the pocket and 
the ligand conformation is computed by a weighted sum of Euclidean 
distances of 3DZD and difference in geodesic distance distribution of 
surface patches (PS(P, C) in Eq. 1). The scores were further averaged 
using the Boltzmann-weighted scheme. The ligands in the library are 
ranked in ascending order of Boltzmann-weighted scores
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prediction (Table 1, stages which we did not participated in 
were indicated with a).

Subchallenge 2 used a different target receptor, CatS. 
This protein is involved in protein degradation and highly 
expressed in antigen-presenting cells and can be a target for 
regulating immune hyper-responsiveness [39]. The goal of 
subchallenge 2 was to predict absolute binding energies of 
39 compounds and to rank 459 compounds by their binding 
energies. The compounds were provided by Janssen Phar-
maceuticals. As in stage 1, a FASTA format sequence of 
CatS and SMILES strings of the compounds were provided 
to participants. Our group participated in the affinity ranking 
part of this subchallenge 2.

Affinity ranking of compounds using 
PL‑PatchSurfer2.0

For the ranking of compounds for a target structure, we fol-
lowed the standard protocol of PL-PatchSurfer2.0 [22, 23] 
(Fig. 1). A ligand conformation database for the provided 
compound was prepared as follows: Ligand SMILES strings 
were first converted to a single 3D structure by OpenBabel 
in the MOL2 format [40]. Hydrogens and Gasteiger atomic 
charges were added to the 3D structure. Then, multiple 
conformations of ligands were generated by Multiconf-
Dock [5] for suschallenge 1 and OMEGA [41] for subchal-
lenge 2. Multiconf-Dock samples ligand conformations by 
rotating rotatable torsions with pre-determined rotation 
angles using the DOCK scoring function, which considers 
the van der Waals and the Coulomb forces [5]. OMEGA 
is another ligand conformer generation method, which 

employs a torsional library taken from small-molecule crys-
tal structures [41]. The programs generated up to 50 ligand 
conformations.

To screen the compounds for stage 1 of subchallenge 1 
and subchallenge 2, we used PDB entries 6EJ2 and 3IEJ as 
the receptor structures, respectively. They were the top hits 
with 100% sequence identity and 100% alignment coverage 
to the query FASTA sequence of BACE-1 and CatS, which 
were identified by BLAST [42] against the PDB database 
[38]. 6EJ2 is a complex structure of BACE-1 with compound 
28 (PDB ID: B7E). The binding pocket of 6EJ2 was defined 
by removing the cognate ligand, compound 28, and ray-cast-
ing from the geometrical center of the cognate ligand to the 
pocket wall. Then, the protonation states and atomic charges 
were assigned with PDB2PQR [43] to the receptor. As for 
ligands in the library, multiple conformations were gener-
ated using MultiConf-Dock [5]. Similarly, for stage 2, the 20 
crystal structures provided in stage 1b were aligned to 6EJ2 
using TM-align [44] to define their binding pockets. After 
aligning the structures, hydrogens and atomic charges were 
added by PDB2PQR, and compound 28 was used to define 
binding pockets for the 20 structures. For subchallenge 2, the 
binding pocket of 3IEJ was defined by ray-casting from its 
bound ligand (cathepsin inhibitor, PDB ID: 599). OMEGA 
[41] was employed to generate multiple conformations (up 
to 50) of the 459 ligands.

To assess the complementarity between a ligand and a 
pocket, we used the Boltzmann-weighted scheme in PL-
PatchSurfer2.0 [22]. A Boltzmann-weighted score of ligand 
L with pocket P is calculated as follows: 

Table 1  Summary of D3R GC4 challenges that our group participated

BP binding pose prediction, AR affinity ranking, FE absolute binding free energy prediction
a Categories that we did not participate in

Subchallenge Stage Task Used receptor PDB ID Number of ligands Procedure

1: BACE-1 1a BP, AR,  FEa BP: 5YGX, a reference structure 
given by the organizers

BP: 20 BP: 20 ligand poses per ligand 
was predicted by AutoDock 
Vina and rescored by the PL-
PatchSurfer2.0 score

AR: Multiple ligand conforma-
tions generated by Multi-
Conf-Dock. A ligand was 
scored by the Boltzmann-
weighted scoring scheme

AR: 6EJ2, the top hit by our 
BLAST search

AR: 154

FE: 34
1b BP: predict binding poses of 

ligands to their cognate pro-
tein structures

20 receptor structures given by 
the organizers

20 ligands

2 AR,  FEa 20 receptor structures of stage 
1b and 6EJ2

AR: 154 Ensemble average of ligands 
using the 21 receptor struc-
tures

FE: 34

2: CatS AR,  FEa 3IEJ, the top hit by BLAST 
search

AR: 459 Multiple ligand conformations 
generated by OMEGA. Each 
ligand was scored by the 
Boltzmann-weighted scoring 
scheme

FE: 39
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where PS(P,C) is a conformer score between receptor 
pocket P and ligand conformation C. The conformer score 
is a weighted linear sum of Euclidean distance of 3DZD of 
four physico-chemical characteristics, as described in the 
Overview of PL-PatchSurfer2.0 section and the difference in 
pairwise geodesic distances distribution of patches (i.e. rela-
tive position of corresponding patches) between a pocket and 
a ligand. Nconf is the number of conformations of a ligand 
generated and β is a parameter, which is set to 1. Thus, this 
score summarizes the compatibility of each conformer of 
the ligand.

In subchallenge 1, stage 1 and subchallenge 2, the ligands 
for affinity ranking (154 ligands for subchallenge 1 and 459 
ligands for subchallenge 2) were ordered according to the 
order of Boltzmann-weighted scores and submitted as our 
answers. In stage 2 of subchallenge 1, each of 154 ligands 
had 21 scores, one score for one of 20 crystal structures plus 
one (computed for 6EJ2) from stage 1. Using the 21 scores, 
we took an ensemble docking strategy [6], where we aver-
aged the 21 scores for each ligand. The ligands were further 
ranked by the scores and submitted to the D3R GC4 server.

Applying PL‑PatchSurfer2.0 for predicting docking 
poses

Since PL-PatchSurfer2.0 does not explicitly output a dock-
ing pose, we needed an external program to output binding 
conformations to participate in the binding pose prediction 
in subchallenge 1. For this purpose, we used AutoDock 
Vina [3] to generate binding conformations in a binding 
pocket. The receptor and ligand structures were prepared 
using python scripts in AutoDockTools. An initial 3D con-
formation of 20 ligands was generated by OpenBabel [40]. 
A binding box with a 25 Å length for each side was centered 
at the geometrical center of the cognate ligand of 5YGX, 
the provided reference structure for stage 1a. For stage 1b, 
20 crystal structures were aligned with 5YGX using TM-
align [44] and the same center coordinate was used. The 
compounds were treated as flexible during the simulation 
and AutoDock Vina generated 20 docking poses per ligand.

Evaluation of a binding pose with PL-PatchSurfer2.0 was 
executed as follows: (1) generating molecular surfaces of 
the binding pocket and the docked poses and segmenting 
the surfaces to the patches; (2) the closest patches from the 
pocket and the ligand were matched to define a set of patch 
pairs; (3) the patch pair set was evaluated with the scoring 
function of PL-PatchSurfer2.0, and (4) up to 5 poses of each 

(1)

Boltzmann-Weighted Ligand Score (P, L)

=

∑Nconf

C
PS(P, C) × exp[−β × PS(P, C)]

∑Nconf

C
exp[−β × PS(P, C)]

ligand were submitted to D3R GC4 server, numbered from 
1 (best) to 5 (worst).

All the tasks and the protocols we performed are sum-
marized in Table 1.

Results and discussion

Performance on ranking compounds of BACE‑1 
and CatS

Performance of ligand ranking is evaluated by two correla-
tion coefficients, Kendall’s τ and Spearman’s ρ, which were 
computed between a submitted compound rank and rank by 
 IC50. Figure 2 shows a bar plot of Kendall’s τ correlation 
coefficients of participated structure-based scoring methods. 
Comparing the coefficients with other structure-based meth-
ods, our method ranked 3rd (0.28) out of 26 submissions 
(Fig. 2a) for BACE-1 stage 1, 8th (0.28) out of 48 submis-
sions (Fig. 2b) for BACE-1 stage 2, and 16th (0.21) out of 
43 submissions for CatS in subchallenge 2 (Fig. 2c). In the 
parentheses shown are the correlation values. The ranking of 
structure-based methods by Spearman’s ρ correlation coeffi-
cients resulted in the same rank (the correlation values were 
0.39 for both stage of BACE-1 and 0.31 for subchallenge 2 
on CatS).

When ligand-based scoring methods were included in the 
ranking together with structure-based methods, our group 
kept a similar rank, ranked 3rd out of 36 submissions for 
BACE-1 stage 1, 8th among 54 submissions for BACE-1 
stage 2, and 27th among 55 for CatS in subchallenge 2. To 
draw a baseline, we computed two metrics: a one-dimen-
sional (1D) compound similarity and ΔSASA. The 1D com-
pound similarity was calculated using MACCS key finger-
print Tanimoto coefficient using RDKit [45] between the 
compounds of each subchallenge and the cognate ligands of 
6EJ2 and 3IEJ, the receptor structures we used. For BACE-
1, using the MACCS key showed Kendall’s τ and Spear-
man’s ρ correlation coefficients of 0.12 and 0.17, respec-
tively. For CatS, Kendall’s τ and Spearman’s ρ correlation 
coefficients were 0.11 and 0.16, respectively. Therefore, 
PL-PatchSurfer2.0 performed better than such a simple 1D 
ligand-based method.

To obtain ΔSASA of each ligand, the ligands were docked 
to the receptor structures (6EJ2 and 3IEJ for BACE-1 and 
CatS, respectively) using DOCK6 [4], which produced up 
to 50 poses per ligand. Then, the poses were reordered by 
ΔSASA and the pose with the largest absolute ΔSASA was 
selected as prediction using ΔSASA. For BACE-1, ΔSASA 
showed Kendall’s τ and Spearman’s ρ correlation coeffi-
cients of 0.18 and 0.26, respectively. For CatS, Kendall’s 
τ and Spearman’s ρ correlation coefficients were 0.22 and 
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Fig. 2  Kendall’s Tau correlation 
coefficients of structure-based 
scoring methods. The x-axis is 
the group IDs and the Y-axis 
shows Kendall’s Tau correlation 
coefficients. a BACE-1 stage 1, 
b BACE-1 stage 2, c CatS. Our 
group’s bars are colored in red 
in each graph
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0.33, respectively. Thus, for BACE-1, PL-PatchSurfer2.0 
performed better than ΔSASA, while it was slightly worse 
for CatS. Indeed, for CatS 25 structure-based submissions 
out of 43 were performed equal to or worse than ΔSASA. 
This may indicate that interaction between binding ligands 
and CatS are mostly dominated by van der Waals interaction.

It caught our attention that our performance in terms of 
the correlation coefficients to  IC50 was identical for stage 1 
and stage 2 (τ: 0.28 and ρ: 0.39), although we had different 
sets of receptor structures available for the two stages. For 
stage 1, we only used 6EJ2 while for stage 2 we were pro-
vided with 20 crystal structures of BACE-1, with which we 
computed the average score against them. The main reason 
for the same performance would be due to the high similarity 
of these receptor structures. The average pairwise root mean 
square deviation (RMSD) among the 20 provided structures 
in stage 2 was 0.39 Å by TM-align [44], reflecting that their 
20 ligands share a large macrocycle (Fig. 3a) and the average 
RMSD from the 20 structures and 6EJ2 was 1.01 Å. In gen-
eral, it has been shown that having an ensemble of similar 
receptor structures does not contribute much in structure-
based virtual screening [6], and it is probably particularly 
true for our PL-PatchSurfer2.0 because of its design of using 
the surface-patch-based coarse-grained representation.

Next, we discuss why the performance of PL-Patch-
Surfer2.0 was worse for CatS than the BACE-1 cases in 
terms of both correlation coefficient values and the relative 
ranking among other participants. We found the main reason 
would be the size of the binding pocket in CatS we used for 
screening. The binding pocket of CatS is formed by three 
subpockets. Two side-chains, PHE211 and LYS64 vary their 
side-chain conformations depending on bound ligands [46], 
and changes the size of the pocket accordingly (Fig. 3b). It 
turned out that the size of the 459 compounds we needed to 
screen is larger than the co-crystallized ligand of 3IEJ, which 
we used as the receptor structure. The molecular weights of 

the compound library range from 566.5 to 825.2 g/mol, with 
an average value of 683.2 g/mol. In addition, the ligands in 
the library have 39–56 heavy atoms with an average of 46.6 
heavy atoms. However, the molecular weight and the num-
ber of heavy atoms of the co-crystallized ligand of 3IEJ is 
smaller, at 522.8 g/mol and 38 heavy atoms. Thus, the ligand 
in 3IEJ is substantially smaller than the ligands we needed 
to screen. This caused a problem when we defined a binding 
pocket in the receptor structure using 3IEJ, as we define the 
pocket by ray-casting from the center position of the cognate 
ligand, which resulted in a pocket that may be too small 
for screening the 459 compounds. In addition, the pocket 
defined in 3IEJ could not form a suitable conformation for 
the large molecules. As illustrated in Fig. 3c, the two mobile 
residues change their side-chain conformations depending 
on which ligand binds. Since the library compounds were 
larger than the 3IEJ molecule, the two residues might not 
have the same conformation as in 3IEJ.

To investigate the effect of the binding pocket defini-
tion in PL-PatchSurfer2.0, we screened the 459 compounds 
using another receptor structure, 5QC5. We chose this PDB 
entry because the cognate ligand has a molecular weight 
of 663.8 g/mol and 45 heavy atoms, closer to the average 
values of the library. With this new receptor structure, Ken-
dall’s τ correlation coefficient and Spearman’s ρ correla-
tion coefficient increased to 0.27 and 0.41 from 0.22 and 
0.31, respectively. This result is comparable to the BACE-1 
result we obtained, 0.28 and 0.39 for Kendall’s and Spear-
man’s coefficients, respectively. We also examined if bet-
ter receptor structure (i.e. 5QC5) could have been selected 
by considering the PL-PatchSurfer2.0’s scores for the 459 
compounds. The average scores were 0.543 and 0.548 for 
3IEJ and 5QC5, respectively. Thus, the scores for the two 
receptor structures were similar but slightly better for 3IEJ, 
which indicates the proper receptor structure could not be 
found from the PL-PatchSurfer2.0 scores. This benchmark 

Fig. 3  a The 2D structure of BACE molecule 1 of stage 1a and stage 
1b subchallenges, b the CatS binding pocket. Flexible residues, 
PHE211 and LYS64 are labeled and colored in yellow, c changes of 

side-chain conformation of PHE211 and LYS64. Three crystal struc-
tures of CatS are superimposed, and the two side-chains are colored; 
3IEJ (gold), 5QC5 (blue), and 1NPZ (pink)
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implies that selection of the receptor structure based on the 
compound library characteristics is important for virtual 
screening.

Effect of the Boltzmann‑weighted scoring

We submitted the order of ligands sorted by the Boltzmann-
weighted score (Eq. 1). To examine the effect of the Boltz-
mann-weighted scoring, we scored a ligand by considering 
only the lowest conformer score (LCS), where the score of 
a ligand is determined as the lowest scored conformer. With 
the LCS, Spearman’s ρ correlation coefficients for BACE-1 
stage 1 and stage 2 were lower than what we submitted with 
the Boltzmann-weighted scoring, 0.36 and 0.35 for stage 1 
and stage 2, respectively. This result shows the Boltzmann-
weighted scoring was effective, which is consistent with our 
previous work [22]. On the other hand, the result implies that 
in general Patch-Surfer2.0 was not able to select the best 
(lowest RMSD) conformer as the top choice. In Table 2, we 
generated 50 conformers for 20 bound cognate ligands of 
BACE-1 provided in stage 1 of subchallenge 1 and ranked 

them using their receptor structures with Patch-Surfer2.0 
score (Table 2). Table 2 shows that the lowest RMSD con-
formations were not selected by Patch-Surfer2.0 and their 
score ranks were often very low. These results come from 
the design of the PL-PatchSurfer2.0 algorithm: PL-Patch-
Surfer2.0 was designed to be insensitive to small changes of 
conformations so that the method shows stable performance 
[22–24]. This design of PL-PatchSurfer2.0 shows unique 
strength when available receptor conformations deviate from 
ligand-bound form but it can become weakness in cases such 
as pose selection of bound ligands.

Binding pose prediction for BACE‑1 (stage 1a and 1b 
of Subchallenge 1)

In subchallenge 1, binding pose prediction for ligands for 
BACE-1 were the tasks in two different settings, stage 1a 
and 1b (Table 1). As described in the Methods section, we 
first generated docking poses of a query ligand in the bind-
ing pocket of BACE-1 using AutoDock Vina, which were 
then ranked by PL-PatchSurfer2.0. We used this procedure 

Table 2  Conformation 
selection performance of 
PL-PatchSurfer2.0

For the 20 ligands provided for Subchallenge 1, pose prediction category, we generated 50 conformations 
with OMEGA. For each conformation. RMSD from the bound form of the ligand was measured and PL-
PatchSurfer2 score was given using their cognate structure as a receptor
The second column from left shows the minimum RMSD observed in the 50 conformations for each 
ligand. The score rank of the minimum RMSD conformer is shown in the subsequent column. The column 
for RMSD of lowest conformer score (LCS) shows the RMSD of the top ligand with the top PL-Patch-
Surfer2.0 score, and the rank of the RMSD among the 50 conformers is shown on the rightmost column

Ligand ID Minimum RMSD of 
generated conformations 
(Å)

PL-PatchSurfer Score Rank of 
minimum RMSD conformation

RMSD of LCS 
conformer (Å)

RMSD rank of 
LCS conformer

1 1.339 15 1.715 13
2 1.103 33 2.817 32
3 0.926 31 2.033 15
4 1.624 35 3.485 50
5 1.523 7 2.359 29
6 1.595 11 2.175 14
7 1.958 38 3.314 46
8 1.127 25 2.246 27
9 1.420 9 1.923 12
10 1.118 31 1.804 9
11 1.526 28 1.842 5
12 1.466 35 2.360 24
13 0.797 5 1.240 5
14 1.723 42 2.481 22
15 1.313 4 2.691 38
16 1.670 34 1.971 6
17 0.759 11 1.445 17
18 0.836 40 1.119 10
19 1.109 12 2.667 41
20 1.780 31 2.573 26
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because it worked well in the Community Structure–Activity 
Resource (CSAR) 2014 [47], which we have participated in. 
Submissions were evaluated by the average RMSD of the 
pose 1 conformations over the 20 ligands and the average 
RMSD of the best out of 20 poses. In terms of the average 
RMSD of pose 1, our group was ranked 67th (the RMSD 
was 7.71 Å) out of 74 submissions and 61st (RMSD: 8.26 Å) 
out of 70 submissions for stage 1a and stage 1b, respectively. 
The average RMSD of the best pose of the 20 ligands was 
4.06 Å and 8.26 Å, respectively. Thus, our protocol was not 
very successful in these two stages.

To understand the reason for the failure, we analyzed the 
performance of binding pose generation by AutoDock Vina 
and scoring by PL-PatchSurfer2.0 separately by applying the 
two methods to 5YGX and 6EJ2, BACE-1 structures with 
a bound ligand conformation. For each of these structures, 
the cognate ligand was removed from the binding pocket and 
re-docked by AutoDock Vina. 20 poses were generated and 
evaluated by the PL-PatchSurfer2.0 score.

Figure 4a, b showed the lowest scoring poses generated 
by AutoDock Vina for 5YGX and 6EJ2, respectively. Their 
RMSD values were 8.19 Å and 0.23 Å, respectively. The 
RMSDs of predicted 20 conformations of 5YGX ranged 
from 4.41 to 9.07 Å even though it was a cognate ligand 
docking, where we expected better (lower) RMSD values. 
Therefore, obviously, the pose generating step failed for 
5YGX. On the other hand, for 6EJ2, a near-native binding 
pose was successfully generated and PL-PatchSurfer2.0 
was able to select it. In Fig. 4c we show the distribution 
of the PL-Patchsurfer2.0 score relative to RMSD values 
of the poses generated by AutoDock Vina. This result 
suggests that PL-PatchSurfer2.0 would be able to select 

a near-native bound pose if any in the ensemble of poses 
generated by AutoDock Vina.

We further analyzed what actually happened in the 
Challenge in Table 3, where we examined the quality of 
ligand conformations generated at each step in the pose 
prediction. The steps were the initial ligand conforma-
tion generation by OpenBabel (the two left columns in 
Table 3), the docking using Autodock Vina, and the dock-
ing pose selection by PL-PatchSurfer2.0. It turned out that 
generating the initial ligand conformation was not very 
successful as RMSD values were all around 2 Å or higher. 
The docking poses generated by Autodock Vina (the col-
umns named “Stage 1a/1b lowest RMSD samples”) were 
also not very accurate. RMSDs of the initial conformations 
by OpenBabel and the docking poses by Autodock Vina 
had only a weak correlation (0.16 for stage 1a and 0.33 
for stage 1b). However, the quality of the docking poses 
would have been better if more accurate initial structures 
had been generated because the cognate docking results 
that used the bound form of the ligands (the rightmost 
column) were much better. Finally, there is a substantial 
correlation between the PL-PachSurfer2.0’s choices and 
the lowest RMSD of conformation ensembles by Autodock 
Vina (0.67 for stage 1a and 0.52 for stage 1b). Therefore, 
consistent with the previous analysis with Fig. 4, the pose 
prediction by PL-PatchSurfer2.0 would have been better 
with better pose generation by Autodock Vina.

The unsuccessful sampling of AutoDock Vina might 
have also influenced other participants. For stage 1a, 17 
groups were reported to have an average pose 1 RMSD 
of over 4.0 Å, and 11 groups out of them used AutoDock 
Vina or its variants as their sampling method.

Fig. 4  The lowest scoring poses (blue) and their native structures (pink) of AutoDock Vina cognate docking. a 5YGX. RMSD: 8.19 Å, b 6EJ2. 
RMSD: 0.23 Å, c PL-PatchSurfer2.0 score of 20 6EJ2 cognate docking poses relative to RMSD values to the native
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Conclusions

We have participated in GC4 of D3R with our software, PL-
PatchSurfer2.0. The challenge provided a valuable opportu-
nity for the community to understand the current status of 
existing computational methods as well as for the developers 
to reexamine their own methods. Our group was moderately 
successful in the binding affinity ranking but failed in the 
binding pose prediction challenges. Overall, the scoring by 
PL-PatchSurfer2.0 was working throughout the challenges, 
as we discussed, there are several technical lessons we 
learned through post-analysis we performed. Particularly, 
for binding pose prediction, the initial structure generation 
and the pose-generating step needs to be revisited as Open-
Babel AutoDock Vina did not work well in this challenge.
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