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Abstract
Using the D3R Grand Challenge 4 dataset containing Beta-secretase 1 (BACE) and Cathepsin S (CatS) inhibitors, we have 
evaluated the performance of our in-house docking workflow that involves in the first step the selection of the most suitable 
docking software for the system of interest based on structural and functional information available in public databases, 
followed by the docking of the dataset to predict the binding modes and ranking of ligands. The macrocyclic nature of the 
BACE ligands brought additional challenges, which were dealt with by a careful preparation of the three-dimensional input 
structures for ligands. This provided top-performing predictions for BACE, in contrast with CatS, where the predictions 
in the absence of guiding constraints provided poor results. These results highlight the importance of previous structural 
knowledge that is needed for correct predictions on some challenging targets. After the end of the challenge, we also car-
ried out free energy calculations (i.e. in a non-blinded manner) for CatS using the pmx software and several force fields 
(AMBER, Charmm). Using knowledge-based starting pose construction allowed reaching remarkable accuracy for the CatS 
free energy estimates. Interestingly, we show that the use of a consensus result, by averaging the results from different force 
fields, increases the prediction accuracy.

Keywords Molecular docking · Free energy calculations · Molecular dynamics · Pmx · D3R challenge · Beta secretase 1 · 
Cathepsin S · Inhibitors

Introduction

Over the years, the blinded prediction challenges regularly 
organized by the Drug Design Data Resource (D3R, https 
://drugd esign data.org/) became valuable opportunities to 
assess the quality and performance of in-house methodolo-
gies often used in computer-aided drug discovery projects. 
The concept is simple: datasets are generously provided by 
known pharmaceutical companies and presented to the com-
putational chemistry community, which is invited to blindly 
predict binding modes and affinities of ligands.

The D3R Grand Challenge 4 was organized in 2018 and 
was based on two protein targets: cathepsin S (CatS, Fig. 1b), 
which was already present in the previous D3R Grand Chal-
lenge 3, and beta-secretase 1 (BACE, Fig. 1a). Cathepsin S is 
a lysosomal cysteine protease involved, inter alia, in antigen 
presentation, nociception, itch, pain and whose regulation 
may be important in several diseases as psoriasis, rheuma-
toid arthritis and glioblastoma [1–9]. Beta-secretase 1 is an 
aspartic acid protease involved in the formation of myelin 
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sheaths in peripheral nerve cells and in Alzheimer’s disease 
by cleavage of the amyloid precursor protein, leading, in the 
end, to amyloid-� peptide aggregation [10–13]. However, 
recent publications relate the possible fail of BACE inhibi-
tors in Alzheimer’s trials [14, 15].

The BACE subchallenge included three stages. In Phase 
1A, the participants were asked to predict the crystallo-
graphic poses of 20 BACE ligands (Fig. 2), the affinity 
ranking for 154 BACE ligands (Fig. S1 in the Electronic 
Supplementary Material) and the binding affinities for a 
designated free energy subset of 34 BACE ligands (Fig. 3). 
In Phase 1B, organizers released the corresponding 

receptor structures (without ligands) for the 20 BACE 
ligands composing the pose prediction subset, and the 
participants could repeat the pose prediction using this 
additional information. In Phase 2, organizers released the 
complexes from the pose prediction subset and the par-
ticipants were required to repeat the affinity predictions 
for the subset of 154 ligands and the relative free energy 
for the subset of 34 compounds as in Phase 1A, but tak-
ing into account the structural information from the 20 
released protein-ligand complexes. The CatS subchallenge 
included a single stage, Phase 2, with ranking prediction 
for two datasets of 459 ligands (structures not shown) and 
39 ligands (Fig. 4), the latter being designed for relative 
free energy calculations.  

Fig. 1  Solid surface representa-
tion of representative crystal 
structures of BACE (a, PDB 
code 3K5C [16]) and cathepsin 
S (b, PDB code 1GLO [17]) 
with the ligands (BACE_68 and 
CatS_86, respectively) in stick 
representation and colored in 
cyan. The binding sites, defined 
as spheres of 20 Å around the 
atom OG1 of THR72 in (a) 
and around a virtual point with 
coordinates [− 7 ,8, − 4] in (b), 
are colored in pink and orange, 
respectively

Fig. 2  Chemical structures 
of the D3R GC4 BACE pose 
prediction dataset
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Methods

Protein structures

Analysis of Protein Data Bank [18] revealed 341 available 
crystal structures of human BACE but only 337 of them, 
including four synthetic structures (1M4H [19], 4TRW 
[20], 4TRY [20], 4TRZ [20]), were considered in this work 
since two structures were not released when the panel of 
proteins has been built (6EQM [21] and 6DMI [22]) and 
two proteins contained useless extra-domains (1UJJ [23], 
1UJK [23]). Furthermore, four apo structures were found 
but only one was complete, namely without missing residues 
(1SGZ [24]).

The three-dimensional alignment of all these structures 
revealed a perfectly conserved fold except for three regions: 
the first turn near the active site (VAL309-ASP318), the 
second turn (LYS9-GLY13) with open (e.g. structure 2VIZ 
[25]) and closed (e.g. structure 2VIJ [26]) conformations, 
and the third turn (PRO70-GLY74).

The proteins were protonated at physiological pH using 
the appropriate tool corresponding to each docking software: 
Hermes for GOLD and Maestro for Glide and Vina.

The structural analysis for cathepsin S was carried out 
during our participation to the D3R Grand Challenge 3 in 
2017 [27] and, given the similarity of the CatS ligands pro-
posed in the previous and the present challenges, we decided 
to use in this study the same protocol, with the exception of 
the constraints during the docking process, which were not 
used anymore.

Ligands

Three-dimensional coordinates for all compounds were gen-
erated in mol2 format using two protocols: (i) random con-
formations were built from SMILES strings using ligprep 
v45011 (Schrödinger, http://www.schro dinge r.com), soft-
ware also used to adjust protonation states at physiological 
pH; and (ii) bioactive conformations were built manually 
from the closest macrocycle-containing BACE ligands avail-
able in the PDB (see the Electronic Supplementary Material 
for the correspondence between these structures) or from 
the closest CatS ligands released during the previous D3R 
GC3 challenge (haan-CatS_11, wcgq-CatS_10 and mekm-
CatS_13), using UCSF Chimera [28].

Fig. 3  Chemical structures 
of the D3R GC4 BACE free 
energy dataset
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Fig. 4  Chemical structures of 
the D3R GC4 CatS free energy 
dataset
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The ajustement of protonation states at physiological 
pH for all ligands makes that the CatS ligands have a total 
charge of + 2, which is in agreement with the instructions 
provided by the organizers of D3R GC4 challenge stating 
that “all compounds in both the BACE and CatS free energy 
sets [are expected to have] a charge of + 2 at the assay pH 
values of 4.5 (BACE) and 5.0 (CatS).” In contrast, our 
BACE ligands have a total charge of + 1, which is in appar-
ent contradiction with these instructions. We were concerned 
about this difference and we investigated in more detail the 
BACE binding site residues that would interact with this 
second charge (which in individual BACE ligands should be 
positioned in different regions of space). We could evidence 
no specific ionic interaction and therefore, we continued our 
study with ligands having a total charge of + 1. To the best 
of our knowledge, there is no specific study providing an 
experimental proof that the BACE inhibitors from this series 
have a total charge of + 2 when bound to the protein.

We organized the BACE ligands in four groups, according 
to the nature of the macrocyclic core: (A) aliphatic macro-
cycle, (B) one aromatic ring, (C) two aromatic rings, (D) no 
macrocycle. The substituents bound to the macrocycle are 
hereinafter referred to as “lateral chains”. Table S1 in the 
Electronic Supplementary Material sums up the design plan 
of the 158 ligands.

Preliminary docking

A training set was created with 14 BACE structures contain-
ing ligands similar with those from the D3R GC4 dataset 
(similarity evaluated using Tanimoto method). IC50 val-
ues could be retrieved from BindingDB database [29] for 
12 of them (see Table S2 in the Electronic Supplementary 
Material).

The alignment of these structures showed a reasonable 
conserved three-dimensional structure, except for two amino 
acids: (a) the conformation of ARG235 in the structure 
3DV1 [30] clashes with the ligands from structures 2VIJ 
[26], 2VJ7 [31], 2VNM [32], 3K5C [16] and 4DPF [33], 
whereas other equivalent arginines, e.g. ARG296 in the 
structure 2VIJ [26], show no clashes; (b) the conformation 
of GLN73 in the structure 3DV1 [30], like most equiva-
lent glutamines in this position, clashes with all ligands 
except those from the 3K5C [16], 3K5F [34] and 3IVH [35] 
structures.

We finally chose the 3K5C structure for all subsequent 
docking studies as its active site is open enough to accept all 
other ligands from the training set (only 4DPF ligand has a 
phenyl substituent, as in BACE_69 and BACE_82, which is 
slightly clashing with the 3K5C surface, but no amino acid 
in its environment seems to be an issue).

In the next step, several docking software and scoring 
functions have been tested for their ability to predict relative 

affinity ranking and reproduce the protein-ligand complexes 
from this training dataset: GOLD [36] with the GoldScore, 
ChemScore, ChemPLP and ASP scoring functions, Vina 
[37] and Glide (Schrödinger, http://www.schro dinge r.com). 
Default parameters were used in all cases for docking, except 
with GOLD, where a search efficiency of 200% and the “flip 
ring corners” option were used in order to better explore the 
conformational space of the ligands macrocycles. For Glide, 
the standard precision (SP) mode was used. The binding 
sites were considered with GOLD as spheres with a 20 Å 
radius around the OG1 atom of THR72 (numbering from the 
3K5C structure). With Vina, the binding sites were defined 
as a 62 × 64 × 80 Å 3 cube centered on the same atom. The 
protein structure (3K5C) was considered to be rigid dur-
ing the docking process and the ligands fully flexible. Fifty 
docking poses were generated for each ligand from the train-
ing set.

Phase 1A docking

From the preliminary analysis, GOLD with the GoldScore 
scoring function were identified as the most adapted for 
the BACE system (see “Preliminary analysis” section and 
Table 1 for a more detailed discussion), and therefore were 
used for Phase 1 predictions with default values except 
search efficiency which was set to 200%. To explore ring 
conformations and the ligand flexibility, the options “flip 
ring corners”, “flip pyramidal N” and “flip amide bonds” 
were activated. All the ligands were docked onto the 3K5C 
[16] structure, the ligands being fully flexible and the recep-
tor rigid. The docking calculations were carried out with two 
hydrogen bond constraints involving the backbone oxygen 
atoms of residues GLY230 and GLY34 and any atoms of the 

Table 1  Preliminary evaluation of the training dataset

See Table S2 for the list of ligands with known structures composing 
the training dataset

Software/scoring function Method for generating 
ligand 3D structure

Average RMSD 
for best pose (Å)

Glide/SP SMILES 3.24
GOLD/GoldScore SMILES 2.48
GOLD/ChemScore SMILES 3.14
GOLD/ChemPLP SMILES 2.95
GOLD/ASP SMILES 3.50
Vina SMILES 6.87
Glide/SP PDB 3.14
GOLD/GoldScore PDB 2.35
GOLD/ChemScore PDB 2.85
GOLD/ChemPLP PDB 3.27
GOLD/ASP PDB 3.19
Vina PDB 6.41

http://www.schrodinger.com
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ligands. Additional docking calculations were also carried 
out with ligands generated from SMILES, and also without 
any constraints. In all these cases, as expected, the poses are 
slightly worse compared to those obtained with constraints, 
and only the latter were submitted.

Analysis of the training dataset has emphasized a con-
served hydrogen bond in all the ligands involving the back-
bone oxygen atom of residue GLY230 and also one hydrogen 
bond, found in most of the ligands, involving the backbone 
oxygen atom of residue GLY34. Therefore, docking simu-
lations were carried out with hydrogen bond constraints on 
either or both oxygen atoms, and also without constraints, 
for all compounds from the BACE D3RGC4 dataset, with 
100 docking poses generated for each ligand.

The RMSD between the common substructure of the 
macrocyclic core and the side chain parts of the ligand and 
of one of PDB ligands AR9 (3DV1 [30]), 0BI (3K5C [16]), 
OLG (4DPF [33]), 0XA (4GMI), 1R8 (4KE0 [38]) and BAV 
(3DV5 [30]) were calculated using an in house developed 
script based on CACTVS Chemoinformatics Toolkit (http://
www.xemis try.com/). The two RMSD values were added 
and the poses with the smaller sum were selected for submis-
sion (1 score per compound).

The second submission (1 score per compound) consisted 
of the best ranking pose for each docking.

Protein structures were converted into PDB format for 
submission using UCSF Chimera [28], and the docking 
poses were converted into mol format using corina version 
3.60 (http://www.molec ular-netwo rks.com) (the mol format 
corresponds to the sdf output format in corina).

Phase 1B docking

After the release of the 20 crystal structures corresponding 
to the compounds BACE_1 to BACE_20 (but without the 
coordinates of the ligands), we carried out docking calcula-
tions with each ligand individually onto the corresponding 
structure released at the end of Phase 1A (GOLD with the 
GoldScore scoring function, 100 docking poses generated 
for each ligand). Each ligand was individually docked onto 
the corresponding structure released at the end of Phase 1A. 
The docking calculation was carried out with two hydrogen 
bond constraints involving the backbone oxygen atoms of 
residues GLY230 and GLY34 and any atoms of the ligands.

Phase 2 docking

As no significantly new structural information was brought 
by the 20 protein-ligand complexes released at the end of 
Phase 1B, for the BACE subchallenge in Phase 2 we have 
submitted the same files as in Phase 1A.

For the CatS subchallenge we used our protocol from 
Grand Challenge 3 (2017) [27] and performed the docking 

with GOLD using ASP scoring function and 100 poses per 
ligand. In contrast with our previous predictions of CatS 
inhibitors [27], this time no constraints were used during 
the docking process.

Free energy calculations

All free energy calculations were carried out after the end of 
the challenge (i.e. in a non-blinded manner).

The D3R GC4 cathepsin S free energy dataset was com-
posed of 39 structurally similar CatS ligands (Fig. 4).

Free energies for Cathepsin S binders were estimated 
using non-equilibrium free energy calculation protocol [39]. 
Firstly, a mapping between ligands was established (Fig. 5): 
ligand CatS_79 was used as an initial reference connecting 
to the other molecules (gray edges in the graph). This way 
double free energy differences ( �� G) for every compound 
with respect to CatS_79 could be evaluated. Subsequently, 
redundancies in the graph were introduced (red edges) to 
allow for formation of cycles that could be further used to 
correct for under-sampling [40]. In total 109 transitions were 
considered.

For the free energy calculations of CatS inhibitors we 
used the same ligand structures that were used as input for 
docking calculations (see "Ligands" section for details).

For every transition between two ligands, hybrid struc-
tures and topologies were generated using pmx pack-
age [41]. Prior to starting molecular dynamics simulations, 
the solvated systems were energy minimized by keeping the 
position restraints of 1000 kJ.mol

−1
nm−2 on all heavy atoms. 

Afterwards, 10 ps constant temperature and volume simula-
tions were performed still retaining the position restraints 
on heavy atoms. Starting from the end states of the NVT 
simulations, equilibrium simulations in isothermal-isobaric 
conditions for the ligands in solution and bound to protein 
were performed for 6 ns. Subsequently, 80 snapshots were 
extracted equidistantly in time from the last 4 ns of each 
trajectory and rapid 200 ps transitions were spawned driv-
ing the system from one physical state (ligand A) to another 
(ligand B). The non-equilibrium work values were recorded 
for every transition and related to the free energy difference 
based on the Crooks Fluctuation Theorem [42]. Maximum 
likelihood estimator was used to estimate free energy dif-
ference [43]. The whole procedure, including equilibrium 
sampling and non-equilibrium transitions, was repeated 
three times. The final free energy estimate was calculated 
as a mean of the three replicas. The errors for individual 
free energy differences were calculated as standard errors 
of the three repeats.

All the molecular dynamics simulations were per-
formed with Gromacs [44]. Two protein force fields were 
used: Amber99SB*ILDN [45–47] and Charmm36m [48]. 
For ligands the Generalized Amber Force Field (GAFF 

http://www.xemistry.com/
http://www.xemistry.com/
http://www.molecular-networks.com
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v2.1) [49] was used in combination with Amber99sb*ILDN. 
Atom types and charges for ligands in Charmm force field 
were assigned using MATCH algorithm  [50]; CGenFF 
4.1 [51] was used for bonded parameters. The systems were 
solvated with TIP3P water  [52]. Na+ and Cl− ions were 
added to neutralize the simulation box and reach 150 mM 
salt concentration. Particle Mesh Ewald [53, 54] was used 
to treat long range electrostatics with the real space cutoff of 
1.1 nm, Fourier spacing of 0.12 nm. Van der Waals interac-
tions were smoothly switched off between 1.0 and 1.1 nm. 
All bonds were constrained by the LINCS [55] algorithm. 
Temperature was kept at 298 K by means of the velocity 
rescaling thermostat [56] with the time constant of 0.1 ps. 
Pressure of 1 bar was controlled with the Parrinello-Rahman 
barostat [57] with the time constant of 5 ps.

For reconstructing �G values from double free energy 
differences ( ��G ) CatS_79 was used as a reference. Free 
energies were calculated with GAFF (Amber) and CGenFF 
(Charmm) force fields. Furthermore, a consensus result was 
obtained by averaging the results from GAFF and CGenFF 
force fields  [58]. The overall calculation accuracy was 
assessed by means of root mean squared error (RMSE), 
Pearson’s, Kendall’s and Spearman’s correlation coefficients. 
The errors for these measures were obtained by means of 
bootstrapping. The bootstrap procedure followed closely 
the one described in previous D3R challenges [59]: namely, 
10,000 samplings with replacement were performed from 
the calculated and experimental value sets. The experimen-
tal values were modified by adding Gaussian noise with 

the mean of zero and standard deviation of RT ln I
err

 , with 
I
err

= 2.5.
The D3R GC4 BACE free energy dataset was composed 

of 34 structurally similar BACE ligands (Fig. 3). During 
the free energy calculations we have encountered difficulties 
with the stability of simulations and convergence problems. 
These might be due, at least in part, to the variations in the 
macrocyclic scaffold of BACE ligands from this dataset.

Graphics

The figures representing protein-ligand complexes were gen-
erated with Pymol [60], and the chemical structures were 
drawn using ChemDraw Professional 16.0 (PerkinElmer 
Informatics). The CatS ligand perturbation network was 
built with NetworkX [61]. The results of CatS calculations 
were visualized using Matplotlib [62] library.

Results and discussion

From our participation to previous docking and virtual 
screening challenges, SAMPL3 (2011) [63], SAMPL4 
(2013) [64], CSAR (2014) [65], D3R Grand Challenge 
(2015) [66], D3R Grand Challenge 2 (2016) [67] and D3R 
Grand Challenge 3 (2017) [27], we developed a proto-
col for docking and virtual screening that proved to be 
relatively successful. This protocol involves two steps, the 
first one representing a preliminary analysis of publicly 

Fig. 5  Graph of CatS ligand 
mappings for relative free 
energy calculations. Circle 
size and color encode the node 
connectivity, i.e. the number 
of edges connected to a node 
(ligand). Gray edges mark the 
connections between every 
ligand and compound CatS_79; 
the additional red edges have 
been introduced as redundan-
cies to allow for cycle closure 
correction
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available structural and biochemical data in order to iden-
tify the most appropriate docking software and scoring 
function for the system of interest. In the second step, we 
use these parameters for the prediction of binding modes 
(pose prediction) and of relative affinities of ligands (scor-
ing). Enhanced genetic algorithm parameters for docking 
(a search efficiency of 200%) proved to be beneficial in 
our previous studies [27, 63–67], especially for big and 
flexible ligands. Thus, in this work we used the same 
parameters in order to ensure an adequate conformational 
sampling of docking conformations.

Preliminary analysis

In the preliminary analysis step, the ligands from the train-
ing set were docked using the structure 3K5C [16] and 
different combinations of docking software and scoring 
functions, and the results were analyzed for accuracy in 
terms of pose prediction and ranking. In order to evalu-
ate the accuracy of docking and scoring, we have consid-
ered the lowest RMSD value and the RMSD value of the 
best ranking pose for each combination protein-ligand-
(docking software)-(scoring function) reported in Table 1. 
The RMSD values were computed for all atoms, with the 
crystallographic structures of these ligands as reference 
(see Table S2 for the list of ligands with known structures 
composing the training dataset.) Table 1 shows that GOLD 
with the GoldScore scoring function clearly outperformed 
the other docking programs and scoring functions in the 
pose prediction of the training set. Vina provided very 
poor results, with most of the docking conformations 
positioned outside the binding site, whereas GOLD/Gold-
Score, followed by GOLD/ChemScore and Glide/SP, could 
reproduce rather well the native protein-ligand complexes. 
In these conditions GOLD with GoldScore with the 3K5C 
structure were used for the following steps.

No significant correlation could be found between the 
docking score and biological activity (pIC50) for the 12 
compounds from the training set for which experimental 
biological data were available.

Phase 1A: pose prediction and ranking (BACE)

The 154 BACE ligands were docked on 3K5C [16] structure 
using GOLD and the GoldScore scoring function to gener-
ate 50 poses for each ligand. Three versions of the protocol 
were tested (see the "Methods" section for details) with and 
without hydrogen bonds constraints. For the ligands belong-
ing to a group for which crystal structures were available, the 
RMSD was calculated between the common substructure of 
the macrocyclic core and the side chain parts of the ligand 
and of one of PDB ligands AR9 (3DV1 [30]), 0BI (3K5C 
[16]), OLG (4DPF [33]), 0XA (4GMI), 1R8 (4KE0 [38]) 
and BAV (3DV5 [30]) using an in house developed script 
based on CACTVS Chemoinformatics Toolkit (http://www.
xemis try.com/). The two RMSD values were added and the 
poses with the smaller sum were selected for submission in 
phases 1 and 2. RMSD values compared with the part of 
the native ligands from the crystallographic structures were 
calculated for all docking poses. We obtained RMSD values 
calculated on the common substructure with ligands with 
known structures ranging from 1.52 to 1.90 Å for the “Best 
RMSD” prediction and from 1.81 to 2.30 Å for the “Best 
Score” prediction. The results demonstrate that the use of 
constraints induced similar performances in the two cases 
and, as expected, the poses without constraints are slightly 
worse compared to those obtained with constraints, and only 
the latter were submitted.

The release of the Phase 1A results showed that our two 
BACE ranking predictions performed the best in this com-
petition, and that the “Best RMSD” pose prediction was 
ranked 7th. The pose predictions for the best and the worst 
compounds are presented in Fig. 6.

Phase 1B: pose prediction (BACE)

In Phase 1B, we carried out docking calculations using 
the 20 crystal structures corresponding to the compounds 
BACE_1 to BACE_20 that were released at the end of 
Phase 1A (but without the coordinates of the ligands) with 
their native ligands. The re-docking of ligands into their 
native structures provided only a slight improvement in the 
pose prediction. Similar to the phase 1A, adding constraints 

Fig. 6  Comparison of our 
BACE Phase 1A best and worst 
pose predictions for com-
pounds BACE_3 (a, green) and 
BACE_7 (b, cyan) with the 
corresponding BACE com-
plexes that were released at the 
end of the challenge (RMSD 
0.39 Å and 2.60 Å, respectively)

http://www.xemistry.com/
http://www.xemistry.com/
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did not improve the predictions, so only simulations with 
one constraint were submitted.

Phase 2: ranking (BACE and CatS)

As no significantly new structural information was brought 
by the 20 protein-ligand complexes released at the end of 
Phase 1B, for the BACE subchallenge in Phase 2 we decided 
to submit the same results as in Phase 1A.

Concerning CatS simulations, similarly as it was done for 
BACE, RMSD calculations between the common substruc-
ture of the ligand and of one of PDB ligands B8J (5QBU), 
BCJ (5QC6), BJJ (5QCG), B9S (5QC1) and BFV (5QC8) 
were calculated using an in house developed script based 
on CACTVS Chemoinformatics Toolkit (http://www.xemis 
try.com/). The ranking with the best final RMSD poses were 
selected for submission (see "Phase 1A docking" section for 
details about RMSD calculation).

The pose prediction is variable within the CatS docking 
simulations, inducing poorer results compared with BACE. 
Some ligands are incorrectly positioned as illustrated in 
Fig. 7a, but when the core of the ligand is correctly posi-
tioned (Fig. 7b), a significant improvement in RMSD is 
observed.

Free energy calculations

For timing reasons, no free energy predictions were submit-
ted during the challenge, and all free energy calculations are 
presented retrospectively.

Overall, calculated free energies are well within 1 kcal/
mol deviation from the experimental measurements in terms 
of AUE and RMSE

C
 (Table 2, Fig. 8). In terms of absolute 

agreement with the experimental � G values, as measured 
by AUE and RMSE

C
 , our calculations using GAFF force 

field outperformed all the other submissions to the D3R GC4 
(Fig. 8). When predicting the overall trend (Pearson correla-
tion) and ligand ranking by their binding affinity (Kendall’s 
and Spearman’s correlation), GAFF based calculations were 
only superseded by another set of submissions utilizing the 
same ligand force field in an alchemical free energy calcula-
tion setup. The free energy estimates based on the CGenFF 
and Charmm36m force field combination performed slightly, 
but consistently worse with respect to all the considered 
quality measures.

Prediction accuracy further increased when applying the 
consensus approach. This observation is consistent with the 
previously reported observations for protein thermostabili-
ties [58], DNA nucleotide mutations [68], protein-ligand 
interactions [69].

Of the 39 estimated free energy values, the consensus 
force field approach only in 3 cases shows a deviation from 
experiment larger than 1 kcal/mol  (Tables S3 and S4). 
One of the major sources of error in the current calcula-
tion procedure comes from the starting pose definition. In 
the current setup, pose construction based on the structural 
data from the previous D3R GC3 challenge (see “Ligands” 
section) proved to yield highly accurate results. In other 
attempts, where we probed the accuracy of alchemical 
predictions when starting from a distorted set of poses the 
estimation accuracy markedly decreased. All in all, starting 

Fig. 7  Comparison of our CatS 
Phase 2 best ranking poses for 
compounds CatS_105 (a, cyan) 
and CatS_245 (b, green) with 
the ligand BCJ (magenta) from 
the CatS crystal structure 5QC6 
(RMSD 11.20 Å and 1.88 Å, 
respectively, on the macrocyclic 
core)

Table 2  Summary of the calculated alchemical free energy accuracies in terms of average unsigned error (AUE), root mean squared error 
(RMSE), Pearson’s, Kendall’s and Spearman’s correlation coefficients

Force field AUE (kcal/mol) RMSE
C
 (kcal/mol) Pearson’s r Kendall’s � Spearman’s �

GAFF 0.40 ± 0.09 0.45 ± 0.10 0.72 ± 0.14 0.49 ± 0.12 0.67 ± 0.16
CGenFF 0.48 ± 0.10 0.50 ± 0.11 0.60 ± 0.16 0.39 ± 0.13 0.54 ± 0.17
Consensus 0.37 ± 0.10 0.43 ± 0.10 0.72 ± 0.15 0.49 ± 0.12 0.67 ± 0.16

http://www.xemistry.com/
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pose generation needs to be taken with care as it largely 
modulates accuracy achievable with alchemical free energy 
calculations.

Conclusions

Using the D3R Grand Challenge 4 dataset containing beta-
secretase 1 (BACE) and cathepsin S (CatS) inhibitors, we 
have evaluated the performance of our in-house docking 
workflow that involves in the first step the selection of the 
most suitable docking software for the system of interest 
based on structural and functional information available 
in public databases, followed by the docking of the dataset 
to predict the binding modes and ranking of ligands. The 
macrocyclic nature of the BACE ligands brought additional 
challenges, which were dealt with by a careful preparation 
of the three-dimensional input structures for ligands. This 
provided top-performing predictions for BACE, in contrast 
with CatS, where the predictions in the absence of guiding 
constraints provided poor results. These results highlight the 
importance of previous structural knowledge that is needed 
for correct predictions on some challenging targets. After 
the end of the challenge, we also carried out free energy 

calculations (i.e. in a non-blinded manner) for CatS using the 
pmx software and several force fields (AMBER, Charmm). 
Using knowledge-based starting pose construction allowed 
reaching remarkable accuracy for the CatS free energy esti-
mates. Interestingly, we show that the use of a consensus 
result, by averaging the results from different force fields, 
increases the prediction accuracy.
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