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Abstract

Predicting protein-peptide complex structures is crucial to the understanding of a vast variety of
peptide-mediated cellular processes and to the peptide-based drug development. Peptide flexibility
and binding mode ranking are the two major challenges for protein-peptide complex structure
prediction. Peptides are highly flexible molecules, and therefore brute-force modeling of peptide
conformations of interest in protein-peptide docking is beyond current computing power. Inspired
by the fact that protein-peptide binding process is like protein folding, we developed a novel
strategy, named as MDockPeP2, which tries to address these challenges by using physicochemical
information embedded in abundant monomeric proteins with an exhaustive search strategy, in
combination with an integrated global search, local flexible minimization method. Only the
peptide sequence and the protein crystal structure are required. The method was systemically
assessed using a newly constructed structural database of 89 non-redundant protein-peptide
complexes with peptide sequence length ranging from 5 to 29, in which about half of the peptides
are longer than 15 residues. MDockPeP2 yielded a total success rate of 58.4% (70.8%, 79.8%)
for the bound docking (i.e., with bound receptor and fully flexible peptides) and 19.0% (44.8%,
70.7%) for the challenging unbound docking when top 10 (100, 1000) models were considered
for each prediction. MDockPeP2 achieved significantly higher success rates on two other datasets,
peptiDB and LEADS-PEP, which contain only short- and medium-size peptides (< 15 residues).
For peptiDB, our method obtained a success rate of 62.0% for the bound docking and 35.9% for
the unbound docking when the top 10 models were considered. For LEADS-PEP, MDockPeP?2
achieved a success rate of 69.8% when the top 10 models were considered. The program is
available at https://zougrouptoolkit.missouri.edu/mdockpep2/download.html.
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INTRODUCTION

Protein-peptide interactions mediate a wide range of important cellular tasks, including
signal transduction, immune responses, and transcriptional regulation.1~2 Peptide-based
drugs are gaining increased attention due to their important advantages, such as safety,
efficacy, selectivity, and specificity.3~4 Understanding interaction details between a peptide
and a target protein is a key to the discovery and design of peptide-based drugs. However,

it is costly and time-consuming to determine protein-peptide complex structures by
experimental methods such as X-ray and NMR. /n silico approaches, which complement and
may even guide experimental methods, provide a cost-effective way for studying protein-
peptide interactions.>—%

To predict protein-peptide complex structures from a peptide sequence and a protein
structure, a big challenge is peptide flexibility. Peptides are highly flexible molecules. The
existing methods for structure prediction of protein-peptide complexes focus on only short-
or medium-size peptides with sequence length not longer than 15,5-20 mainly due to a
peptide’s huge number of degrees of freedom. Very recently, a local docking program (for
known binding sites), AutoDock CrankPep,2! increased the maximum length of the peptide
to 20 amino acids for the protein-peptide complex structure prediction. Another major
challenge is the scoring function for ranking. A desirable scoring function should be able
to efficiently distinguish native or near-native binding modes from many decoys generated
by a sampling algorithm. Unfortunately, the existing scoring functions are far from being
perfect. These challenges seriously impede the application of current computational methods
on peptide-based drug discovery and development.

With the fact that protein-peptide binding is like protein folding,22-23 abundant structural
resources deposited in the Protein Data Bank (PDB)24 shed light on possible solutions to
the challenges of protein-peptide complex structure prediction. In this study, we systemically
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compared structures of peptides on protein surfaces and fragments in monomeric proteins.
Based on a newly constructed structural database of 89 non-redundant protein-peptide
complexes with peptide sequence length ranging from 5 to 29, 2> we were always able

to find at least one fragment from monomeric proteins sharing a similar structure with the
peptide in a protein-peptide complex. Our results revealed that both the sequence and the
environment (physicochemical interactions) are important to the conformations of peptides
on a protein surface or fragments in monomeric proteins (see RESULTS for details).

Inspired by the above findings, we developed a novel strategy, MDockPeP2, for protein-
peptide complex structure prediction by combining physicochemical information embedded
in abundant monomeric proteins and current molecular docking methods. Our method
requires only a protein structure and a peptide sequence as inputs. Figure 1 shows a
flowchart of the prediction, and details of the method are available in the METHODS
section. Briefly, MDockPeP2 can be divided into three stages. In Stage 1, for a query
peptide, a protein structure database is searched to find fragments sharing similar sequence.
These fragments are used as templates to build peptide conformers. In Stage 2, peptide
conformers are generated and then independently docked to a target protein surface using

a well-developed protein-protein docking program (global rigid docking). The generated
models are further refined using a well-established protein-small molecule docking program
(local flexible minimization). In Stage 3, peptide conformers are merged and evaluated using
a hybrid scoring function, which considers both calculated binding scores and interface
similarities. Our method was evaluated based on the PepPro benchmarking database,
containing 89 non-redundant protein-peptide complexes and 58 unbound protein receptors.
The peptide sequence length varies from 5 to 29, and 46% of them are long peptides
(longer than 15 residues). MDockPeP was also tested on two other datasets, peptiDB28 and
LEADS-PEP?’, containing only short- and medium-size peptides (< 15 residues).

METHODS

The Construction of the Peptide Conformers

For a given peptide sequence, up to 1000 peptide conformers were built based on fragment
hits (sharing similar sequences with the query peptide) from a non-redundant protein
database provided by MODELLER?8 (pdb95.pir.gz, updated on October 201, 2016). The
sequence similarity between any two proteins in the database is lower than 95%. To ensure
fragment hits were from proteins rather than peptides, proteins with sequence lengths

less than or equal to 50 were removed from the database. The final protein database

contains 51667 protein sequences. Here, we developed an exhaustive search strategy to

find fragments with similar sequences against the query peptide. This searching strategy was
implemented in the MDockPeP2 program. Specifically, the query peptide sequence worked
as a sliding window and slid along each protein sequence in the protein database. The sliding
process starts from the N-terminal of the protein sequence and moved only one residue for
each step. The sequence similarity and the sequence identity between the query peptide

and the corresponding fragment in the protein was calculated based on the BLOSUM®62
matrix2°. Fragments with sequence similarity less than 50%, or those containing any missing
residues in PDB structures were discarded. The remaining fragments are ranked by sequence
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similarity. The fragments with the same sequence similarity were ordered by their sequence
identities. To remove redundant fragments from the same protein, if two fragments had over
half residues overlap, the fragment with higher sequence similarity (higher sequence identity
if sequence similarities were the same) was kept. For the cases in the PepPro dataset, an
average of 1.4x108 fragments can be found in this step for a query peptide. This average
number increased to 2.3x108 when only short- and medium-size peptides (<15 residues)
were considered. The number is too large to be handled in the later modeling and docking
process. Therefore, only top (up to) 3000 fragments (ranked by their sequence similarity
with the query peptide) were kept and used as templates to construct peptide conformers

by MODELLER. The model refinement level was set as “refine. fast’ to ensure the modeled
peptide structure was close to the template structure. Then, the generated peptide conformers
were clustered using a heavy-atom Root-Mean-Square Deviation (nRMSD) cutoff (2.0 A).
The hRMSD between two conformers was calculated based on a one-to-one atom matching
strategy (i.e., possible isomorphisms in the peptide were ignored) and the fitting was
performed by a root mean-square superposition using the Kabsch algorithm3°. Namely, for
any two peptide conformers with their ARMSD smaller than 2.0 A, the one with a higher
sequence similarity (higher sequence identity if sequence similarities were the same) with
its template fragment was kept. Finally, the top (up to) 1000 peptide conformers (ranked

by sequence similarities of their templates with the query peptide sequence) were saved for
docking.

The Global Sampling/Local minimization of the Peptide Binding Modes

A hybrid docking strategy, global rigid sampling and local flexible minimization, was
employed to generate putative binding modes. First, up to 1000 peptide conformers
generated in stage 1 were independently docked onto the whole protein surface, using a
well-developed FFT-based protein-protein docking program ZDOCK 3.031. Default settings
are used for ZDOCK. For each peptide conformer, 2000 putative binding models are
generated by ZDOCK and re-ranked by an in-house statistical potential-based protein-
protein scoring function, ITScorePP32, For any two binding modes with ligand RMSD
(L-RMSD) less than 3.0 A, the one with a better score was kept. The top 100 models

were kept for each peptide conformer, and a total up to 10° putative binding modes were
generated for a protein-peptide complex.

Then, a local flexible minimization was carried out by AutoDock Vina33, using the above
generated models as starting structures. The protein was treated as rigid, and the peptide
was treated as fully flexible. For the local minimization, the option “/ocal_only” was turned
on, and other parameters were set as default. This local flexible minimization process was
performed for all (up to 10°) putative binding modes generated in global rigid sampling step.

Ranking of the sampled binding modes

To rank putative binding modes, and distinguish near-native binding modes from decoys, we
introduced a hybrid scoring function for the protein-peptide complex structure prediction,
named as PepProScore:

PepProScore = Vina_scmmlore + w* PC_score )
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which combines the Vina_score (binding score) with the PC_score (physicochemical
similarity score). Vina_score is calculated using the scoring function implemented in
AutoDock Vina and is outputted from the local flexible sampling step for each model.
PC_score is calculated by the program PCalign3*, which quantifies physicochemical
similarity of protein-protein interfaces. Because both protein and peptide are composed

of amino acids, PCalign is also suitable for the comparison of protein-peptide interfaces.
Specifically, for a putative binding mode, the protein-peptide interactions were compared to
the interactions of the template fragment with the remaining part of the protein (3 adjacent
residues at each terminal of the template fragment were discarded). Notably, the fragment
used for calculation was the template of the peptide conformer that was used for docking

to generate the corresponding putative binding mode. The PC_score values range between 0
and 1, in which 0 represents no similarity and 1 indicates identical interfaces. w; set as -9
in this study, is the weight to balance contributions from two different scores. The value of
wwas determined based on an average value (=8.7) of min(Vina_scores)/max(PC_scores)
of all bound docking cases in PepPro dataset. For each docking case, min(Vina_scores)

is the minimum value of Vina_score for all generated modes, and max(PC_scores) is the
maximum value of PC_score for all generated modes.

The ranked models were then clustered with a L-RMSD cutoff (3.0 A). Briefly, for any two
binding modes with ligand L-RMSD less than 3.0 A, the one with a better score was kept.

Benchmarking datasets

A newly constructed protein-peptide complex structure database, PepPro?®, was used to
evaluate MDockPeP2 for the protein-peptide complex structure prediction. The benchmark
contains 89 non-redundant protein-peptide complex structures, with 58 unbound protein
structures available. Each protein in the database has a unique sequence and structure.
Peptides in the database cover different types of secondary structure, with sequence
lengths ranging from 5 to 29. The entries of the PepPro database are available at http://
zoulab.dalton.missouri.edu/PepPro_benchmark.

In addition to PepPro, MDockPeP2 was also tested on two other datasets, peptiDB26 and
LEADS-PEP2. The peptide sequence length ranges from 5 to 15 in peptiDB, and ranges
from 3 to 12 in LEADS-PEP. All the entries (53 bound cases) in LEADS-PEP were used

in this study. For peptiDB, by carefully reviewing a total of 103 bound protein-peptide
complex structures and 69 unbound protein receptor structures, 3 bound complexes and 5
unbound protein receptors were discarded from the database.1® The remaining entries, 100
bound cases and 64 unbound cases, were used to evaluate the prediction performance of the
MDockPeP2.

Assessment criteria

Currently, three criteria, ligand Root-Mean-Square Deviation (L-RMSD), interface RMSD
(I-RMSD), and fraction of native contact (fnat), are often used to compare a protein-peptide
binding mode predicted by a docking method with the complex structure determined

by experimental methods. L-RMSD is the backbone RMSD of the peptide between the
predicted mode and the native structure after a structural superposition of the protein.
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I-RMSD is the backbone RMSD of the interface residues between the predicted mode and
the native structure after a structural superposition of these interface residues. A residue is
defined as the interface residue when any heavy atom of the residue in one partner of a
complex is within 10 A from the other partner. It is noted that L-RMSD and 1-RMSD do
not include sidechains explicitly. fnat is defined as the fraction of residue-residue contacts in
the native structure that is recalled by a predicted model. A pair of residues are defined as in
contact when any two heavy atoms in the two residues are within 5 A.

Because these parameters characterize different features of a predicted protein-peptide
interface, multiple combinations of L-RMSD, I-RMSD, and fnat, are often used to classify
predicted binding modes. As illustrated in a recent study by Schueler-Furman and co-
workers3®, a predicted model can be classified into one of the following four groups: High
quality: fnat [0.8 1.0] & (L-RMSD < 1.0 A || I-RMSD < 0.5 A); Medium: fnat [0.5 0.8] &
(L-RMSD < 2.0 A || I-RMSD < 1.0 A) || fnat [0.8 1.0] & (L-RMSD > 1.0 A & I-RMSD >0
5 A); Acceptable: fnat [0.2 0.5] & (L-RMSD <4.0 A || I-RMSD < 2.0 A) || fnat [0.5 1.0]
& (L-RMSD>2.0 A & I-RMSD>1.0 A); and Incorrect: the rest. We named this metric as
capri_metric in this study. A drawback of the capri_metric is that it is a discrete metric and
unable to further evaluate the quality of the models in each group.

Therefore, CAPRI committee recently introduced a continuous quality metric, DockQ
score,36 based on the three parameters, L-RMSD, I-RMSD, and fnat. DockQ was calculated
by the following equation:

DockQ = %[ fnat + RMSDyq104(L-RMSD, d1) + RM S Dyg104(IFRMSD, d)]

with

RMSDgeqieq =1/

(RMSD)Z]
1+
dj

where fhat, L-RMSD, and I-RMSD are fraction of native contacts, ligand RMSD, and
interface RMSD, respectively. RMSDgg1eq IS @ Scaled RMSD with a scaling factor dj. As
suggested in CAPRI studies, d; = 8.5 A for L-RMSD and d, = 1.5 A for I-RMSD.

It is worth mentioning that parameters like L-RMSD, I-RMSD, and fnat were originally
defined for protein-protein docking evaluation, and were then used for other systems,

such as protein-peptide complexes and protein-sugar complexes. However, the binding of

a peptide on a protein surface is normally facilitated by a few peptide residues, known as
“hot spot” residues, anchor residues, or binding motif in different studies. The sidechain
conformations of these “hot spot” residues are important to the protein-peptide interactions.
Unfortunately, current assessment criteria for protein-peptide interactions do not fully
consider these important interactions. For example, both L-RMSD and I-RMSD consider
only backbone atoms; contributions from sidechain atoms are ignored. Although fnat can
partially consider sidechain conformations, it considers only the recovery of native contacts
and ignores non-native contacts.
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In this study, we introduced a new assessment criterion considering the sidechain
conformations of peptide contact residues (including “hot spot” residues), and the peptide
backbone conformation. The criterion is named as critical L-RMSD (cL-RMSD), which

is the L-RMSD of the heavy atoms of peptide contact residues and the backbone atoms

of peptide non-contact residues. Contact residues were determined by the relative buried
surface area. The program Naccess V2.1.137 was employed and the calculation was based

on the experimental protein-peptide complex structure. Here, peptide residues with relative
buried surface area larger than 33.3% were identified as contact residues. For the 89 peptides
in the PepPro dataset, 60.3% (815 out of the total 1352) peptide residues were defined as
contact residues. Aromatic residues (Phe, Tyr, and Trp) and residues with hydrophobic side
chains (e.g., Leu, lle, Met, and Val) were identified as contact residues more frequently (>
70%) than other types of residues (see Table S1 for details). To calculate cL-RMSD, proteins
in the predicted model and in the experimental complex structure were superimposed using
the MatchMaker tool of UCSF Chimera38. Next, cL-RMSD was calculated based on all the
heavy atoms of the contact residues and the backbone atoms of the non-contact residues in
the peptide.

Peptides in Protein-Peptide complex vs Fragments in Monomeric Proteins

We compared conformations of peptides in protein-peptide complexes with conformations
of fragments in monomeric proteins. For a given protein-peptide complex, fragments sharing
sequence similarities higher than or equal to 50% with the peptide were extracted from a
protein database provided by MODELLER 28(pdb95.pir.gz, updated on October 201, 2016).
Proteins with sequence lengths less than or equal to 50 were discarded, and redundant
proteins were removed from the database using the program UCLUST?3® with a sequence
similarity cutoff of 30%. Then, bRMSDs of the peptide with the fragments were calculated.
Figure 2A shows an example of a query peptide in a protein-peptide complex (PDB: lavf)
and a fragment hit in a monomeric protein (PDB: 4xgc, chain C, residues 259-280). The
peptide and the fragment hit share a sequence similarity of 50%, and the PC-score of their
interacting interface is 0.4. bRMSD of the peptide and the fragment is 2.3 A.

The above evaluation was performed for 89 non-redundant protein-peptide complexes

from the PepPro benchmarking database2, with peptide lengths ranging from 5 to 29.
Impressively, we always found a fragment with bRMSD less than 4.5 A for all peptides, and
91% of peptides have at least one fragment with bRMSD less than 3.0 A (Figure S1). If
considering only short and medium size peptides (no more thanl5 residues), 47 out of 48
peptides have at least one fragment with bRMSD less than 2.0 A. The results show that a
linear sequence of amino acids can form a similar conformation either through non-covalent
bonds on a protein surface (protein-peptide binding) or through folding in a monomeric
protein (protein folding).

In addition to fragments sharing similar conformations with the query peptide, we also
found fragments with distinct conformations in monomeric proteins. To find out factors
affecting the conformation of a sequence of amino acids in both cases (protein-peptide
binding and protein folding), we calculated bRMSD distributions of all fragment hits with
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two different ranges of the sequence similarity, [75%,100%] and [50%,75%), for the 89 non-
redundant peptides. Considering that the number of fragment hits varies for each peptide,
we normalized the contribution of each peptide to the final bRMSD distributions. As shown
in Figure 2B, 15.0% (48.4%) of fragments with bRMSD < 2.0 A (4.0 A) are observed for
the range of [75%,100%], and the percentage decreases to 7.0% (34.2%) for fragments with
lower sequence similarities [50%,75%). This indicates that the sequence is important for

the peptide/fragment conformation. Although the peptide is highly flexible, fragments with
higher sequence similarities tend to form more similar conformations with the peptide than
those with lower sequence similarities.

Besides the sequence similarity, the environment (physicochemical interactions) of the
peptide and corresponding fragments were also compared for the first time. Here, the
program PCalign3! was employed to calculate similarities between the protein-peptide
interacting interface and those of fragment hits with the rest of the monomeric proteins

(3 adjacent residues at each terminal of fragments were discarded). The calculated similarity
score, PC_score, accounted for both geometric and chemical characteristics of the two
interacting interfaces. The score values range between 0 and 1, in which 0 represents no
similarity and 1 indicates identical interfaces. A cutoff of 0.4 was chosen to distinguish
similar and dissimilar interaction interfaces. Figure 2C shows the bRMSD distributions

of fragments that share similar physicochemical interactions (PC_score = 0.4) with
corresponding peptides. Impressively, dramatic increases were observed in the percentage of
low bRMSDs (< 2.0/4.0 A) for the two different ranges of sequence similarities. Specifically,
for the sequence similarity range of [75%,100%], the percentage of fragments with bBRMSD
<2.0 A (4.0 A) increased 22.0% (31.9%). While for the sequence similarity range of
[50%,75%), the percentage of fragments with bRMSD < 2.0 A (4.0 A) increased 11.5%
(25.0%). Therefore, both the sequence and the environment play crucial roles in determining
the structure of a peptide, with the fact that 80.3% of fragments with high sequence
similarity (= 75%) and similar environment share a close conformation (bBRMSD < 4.0

A) with corresponding peptides.

There are both exposed and buried peptides in protein-peptide complex structures. If a
peptide was defined as buried when its relative buried surface area no less than 50%,

33 of 89 peptides (37.1%) in the PepPro dataset were buried in their co-bound proteins.

In contrast, many more matching fragments (73.5%) were buried in monomeric proteins.
To investigate the relationship between the PC_score and the relative buried surface area,
we calculated the correlation coefficient (R) between PC_Scores and ARBSA. For each
fragment of a query peptide, ARBSA = abs(RBSAfrag - RBSApep). Here, RBSAfrqq is the
ratio of the buried surface area of the fragment in the monomeric protein, and RBSApep, is
the ratio of the buried surface area of the query peptide in the protein-peptide complex. A
correlation of R = —0.26 was observed between PC_Scores and ARBSA, indicating that a
fragment having similar ratio of buried surface area with the query peptide tends to have a
higher PC_score.

The conservation of the two processes, protein folding and protein-peptide binding, provides
a cure to the protein-peptide complex structure prediction. In MDockPep2, an ensemble
of peptide conformers was built based on fragments sharing similar sequence with the
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peptide (stage 1, see Figure 1). Then, these peptide conformers were docked to the target
proteins using well-developed molecular docking methods (stage 2). Finally, generated
binding models were ranked by a scoring function (stage 3), which considered both binding
scores and the conservation of interacting interfaces. The results of each stage were reported
as follows.

The Construction of the Peptide Conformers

For stage 1, we calculated both bPRMSD and hRMSD between the constructed peptide
conformers and the corresponding bound peptide structures in the PepPro database. Figure
3A shows rates for successfully building at least one near-native structure (0BRMSD < a
preset cutoff) among the top N conformers. The results show that the larger N we set, the
larger chance we can obtain near-native peptide conformers. However, the computational
time for stage 2 (binding mode sampling) increases linearly with the number of peptide
conformers used for docking. In this study, the maximum N was set as 1000. Figure 3B
shows the bBRMSD and the hRMSD of the best conformer (i.e., the conformer with the
lowest bBRMSD) among the top 1000 models for each peptide. Impressively, we built at
least one medium quality conformer with a bRMSD less than 4.7 A for all 89 peptides in
the database. In 70.8% (94.4%) of the cases, the bBRMSD of the best peptide conformer
was below 2.0 A (4.0 A). The mean and median values of the bRMSD for all cases were
1.6 Aand 1.3 A, respectively. Corresponding hRMSDs were normally larger than the
bRMSDs. The mean and median values of hRMSD were 3.1 A and 2.8 A, respectively. The
larger LRMSD values are most likely due to the side chains being more sensitive to the
surrounding environment than the backbone atoms.

Binding Mode Sampling

To evaluate interaction details of a peptides (including side chain conformations) on a
protein surface, we introduced a new criterion, critical ligand RMSD (cL-RMSD, see
METHODS). Figure 4A shows binding mode sampling results for both bound docking
(bpro-upep) and unbound docking (upro-upep), using different values of cL-RMSD as the
respective thresholds for successful predictions. The bound docking used a bound protein
structure which was taken from the protein-peptide complex crystal structure. The unbound
docking used an apo structure of the protein, which was more challenging than the bound
docking. It is worth noting that unbound peptides (starting from peptide sequences) were
used for all cases in this study. For a protein-peptide complex, the sampling was defined

to be successful if the cL-RMSD of at least one model was less than or equal to the
threshold value. The sampling success rates of bound docking are 28.1%, 73.0%, and 88.8%
for cL-RMSD thresholds of 2.0 A, 4.0 A, and 6.0 A, respectively. The sampling success
rates of the more challenging unbound docking are 8.6%, 62.1%, and 82.8% for cL-RMSD
thresholds of 2.0 A, 4.0 A, and 6.0 A, respectively.

Figure 4B shows the cL-RMSD value of the best sampled model (the lowest cL-RMSD) for
each protein-peptide complex in the PepPro dataset. For both the bound docking and the
unbound docking, it is more challenging to sample a binding model with low cL-RMSD
for a case containing a long peptide (> 15 residues) than a case containing a short- or
medium-size peptide. If only considering cases containing short- and medium-size peptides
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(= 15 residues), sampling success rates of bound docking are 31.1%, 87.5%, and 100%,

for cL-RMSD thresholds of 2.0 A, 4.0 A, and 6.0 A, respectively. For the challenging
unbound docking cases, sampling success rates are 9.7%, 80.6%, and 90.3%, for cL-RMSD
thresholds of 2.0 A, 4.0 A, and 6.0 A, respectively. For complexes containing long peptides
(> 15 residues), MDockPeP2 also achieved good performances with a sampling success rate
of 75.6% (cL-RMSD < 6.0 A; 56.1%% when cL-RMSD < 4.0 A; 24.4% when cL-RMSD <
2.0 A) for bound docking and 74.1% (cL-RMSD < 6.0 A; 40.7% when cL-RMSD < 4.0 A;
7.4% when cL-RMSD < 2.0 A) for unbound docking.

In addition to cL-RMSD, two other metrics, capri_metric and DockQ Score, were used

to evaluate models generated by MDockPeP2 on the PepPro dataset. As described in
Materials and Methods, capri_metric classifies predicted models into four classes (high
quality, medium, acceptable, and incorrect) using different combinations of three parameters
L-RMSD, I-RMSD, and fnat. DockQ Score is calculated based on the values of the three
parameters L-RMSD, I-RMSD, and fnat. The value of DockQ Score ranges from 0 to 1, in
DockQ = 0 means the two binding modes are distinct, and 1 means they are identical.

When the capri_metric was used as the criterion, MDockPeP2 successfully generated
acceptable and higher quality models for 87.6% (medium and higher quality, 59.6%; high
quality, 12.4%) of the bound docking cases and for 86.2% (medium and higher quality,
36.2%; high quality, 1.7%) of the unbound docking cases.

Figure 4C shows the binding mode sampling results using different values of DockQ Score

as the respective thresholds for successful predictions. The sampling success rates of bound
docking (bpro-upep) are 21.3%, 61.8%, and 92.1% for DockQ Score thresholds of 0.9, 0.7,

and 0.4, respectively. The sampling success rates of unbound docking (upro-upep) are 1.7%,
50.0%, and 89.7% for DockQ Score thresholds of 0.9, 0.7, and 0.4, respectively.

Because both the capri_metric and the DockQ Score are based on the three parameters
L-RMSD, I-RMSD, and fnat. It would be interesting to investigate the relationship between
the two metrics. Here, using all the sampled models (a total of ~8.4x10% models) of the
bound cases in the PepPro dataset, we analyzed the distributions of DockQ Scores for the
models in different quality classes identified by the capri_metric. The results are shown

in Figure S2A. The total numbers of high quality, medium, and acceptable models are

34, 2088, and 47888, respectively. Other models are in the “incorrect” class. The average
values of DockQ Scores of high quality, medium, acceptable, and incorrect models are
0.93 (£0.02), 0.78 (+0.06), 0.53(+0.08), and 0.08 (+0.08), respectively. Overlaps of DockQ
Scores among models with different qualities are insignificant (see Figure S2A). Therefore,
we suggest that models with DockQ Scores in [0.9, 1.0], [0.7, 0.9), [0.4, 0.7), and [0, 0.4)
are high-quality, medium-quality, acceptable, and incorrect models, respectively.

We further analyzed the relationship between cL-RMSD and DockQ Score, and the
relationship between cL-RMSD and capri_metric based on all the sampling models of
bound docking in the PepPro dataset. The results are shown in Figure 4D. For each
generated model, its cL-RMSD value is displayed on the x-axis and its DockQ Score is
displayed on the y-axis. The classification based on cpari_metric is shown by different
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colors. The correlation coefficient (R) between cL-RMSDs and DockQ Scores is —0.9,
which shows that cL-RMSD is a reasonable metric for the evaluation of protein-peptide
complex structures. The distributions of cL-RMSD values of models in different classes
defined by the capri_metric are shown in Figure S2B. The average values of cL_RMSD
of high quality, medium, acceptable, and incorrect models are 1.9 (x0.5), 3.5 (x1.0), 6.0
(£1.3), and 26.5 (£13.0), respectively. Interestingly, we observed significant overlaps of
cL-RMSD values among the models with different qualities defined by the capri_metric
(see Figure S2). For example, 15.6% of the medium-quality models (capri_metric) have
cL-RMSD values larger than 4.5 A, while 13.6% of the acceptable models (capri_metric)
have cL-RMSDs lower than 4.5 A. This is mainly because the capri_metric does not directly
consider peptide sidechain conformations, which are important to peptide binding.

The sampled models were evaluated and ranked using a hybrid scoring function,
PepProScore, which was composed of the calculated protein-peptide binding score and the
physicochemical similarity between the predicted protein-peptide interface and interacting
interface of the template fragment in the monomeric protein (see METHODS).

Figure 5A shows the rates of successfully ranking at least one model with cL-RMSD <
athreshold (2.0 A, 4.0 A, or 6.0 A) among the top N models for both bound docking
(bpro-upep) and unbound docking (bpro-upep). Not surprisingly, bound docking achieved
significantly higher success rates than the challenging unbound docking. For bound docking,
MDockPeP2 yielded a total success rate (cL-RMSD < 6.0 A) of 58.4% (cL-RMSD < 4.0
A:36.0%; cL-RMSD < 2.0 A: 5.6%) when only top 10 models were considered for each
prediction. A significantly higher success rate of 70.8% (79.8%) was achieved if the top 100
(1000) models were considered for each prediction. Unbound docking yielded a relatively
low success rate of 19.0% (cL-RMSD < 4.0 A: 8.0%; cL-RMSD < 2.0 A: 1.7%) when

only top 10 models were considered for each case. When top 100 and 1000 models were
considered for each case, the total success rates increased to 44.8% and 70.7%, respectively.
The above performances were based on the ranking results of the hybrid scoring function
(PepProScore). If only the Vina_Score was used for ranking, a total success rates of the
bound docking and the unbound docking were 34.8% (60.7%, and 76.4%) and 8.6% (29.3%,
and 60.3%), respectively, when top 10 (100, and 1000) models were considered for each
case.

Figure 5B shows ranking success rates when the DockQ Score was used as the evaluation
metric. For the bound docking, MDockPeP2 achieved a total success rate (DockQ = 0.4) of
66.3% (DockQ = 0.7: 34.8%; DockQ = 0.9: 5.6%) when top 10 models were considered
for each prediction. The total success rate increased to 79.8% (84.3%) when top 100 (1000)
models were considered for each case. For the challenging unbound docking, our docking
method yielded a total success rate (DockQ = 0.4) of 34.5% (DockQ = 0.7: 6.9%; DockQ
> 0.9: 0.0%) when top 10 models were considered for each prediction. The success rate
increased to 63.8% (86.2%) when top 100 (1000) models were considered for each case.

If the capri_metric was used as the evaluation metric, the bound docking yielded a total
ranking success rate (acceptable and higher quality) of 60.7% (high- and medium-quality:
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33.7%; high-quality: 2.2%) when top 10 models were considered for each prediction. The
total success rate increased to 75.3% (79.8%) when top 100 (1000) models were considered
for each case. The unbound docking achieved a total success rate (acceptable and higher
quality) of 29.3% (high- and medium-quality: 6.9%; high-quality: 0.0%) when top 10
models were considered for each prediction. The success rate increased to 48.3% (67.2%)
when top 100 (1000) models were considered for each prediction.

As mentioned above, about half of cases in the PepPro database containing peptides with
sequence length longer than 15. If considering only cases containing short- and medium-size
peptides (less than or equal to 15 residues), significantly higher success rates were achieved.
Using cL-RMSD as the evaluation metric, the bound docking achieved total success rates

of 64.6%, 81.2%, and 91.7% when top 10, 100, and 1000 models were considered for each
case, respectively. For unbound docking, MDockPeP2 yielded total success rates of 29.0%,
51.6%, and 83.9% when top 10, 100, and 1000 models were considered for each case,
respectively.

Figure 6 presents six examples for bound docking cases (Figure 6A-C) and unbound
docking cases (Figure 6D—F). The peptides in experimental structures are colored cyan,
and those in predicted models are colored magenta. Bound protein structures are colored
light gray, and unbound protein structures are colored blue.

Figure 6A shows the top predicted binding mode for the protein-peptide complex PDB
1t0j. This prediction is a high-quality model using cL-RMSD (1.9 A) as the metric. It

is a medium-quality model using the capri_metric (L-RMSD = 2.2 A, I-RMSD = 0.9

A, fnat = 86.7%) or DockQ Score (0.84) Figure 6B presents a predicted model of PDB
2whx (being ranked no. 289). This prediction is an acceptable model in the three different
evaluation metrics: cL-RMSD = 5.6 A; capri_metric, L-RMSD =5.6 A, I-RMSD = 2.0 A,
fnat = 30.3%; DockQ = 0.46. The low ranking in this case is due to the receptor being a
multi-domain protein, and many predicted modes fall into the large domain (non-peptide
binding domain) which contains a ligand binding pocket (colored green). Figure 6C shows
a low-quality model of PDB 4ext: cL-RMSD = 9.9 A; incorrect model using capri_metric
(L-RMSD =11.1 A, I-RMSD = 4.5 A, fnat = 48.3%); DockQ = 0.32. MDockPeP2 correctly
sampled the peptide binding mode for the coil region but failed for the helix region.

Figure 6D shows a correctly predicted model (no.8) of PDB 4m5s when an unbound protein
structure (PDB 3utk) was used. The prediction is a medium-quality model using the three
different evaluation metrics: cL-RMSD = 3.1 A; capri_metric, L-RMSD = 2.5 A, I-RMSD
=1.0 A, fnat = 82.9%; DockQ = 0.82. Figure 6E presents one of the best sampled models
of PDB 3kj0, using the unbound protein structure PDB 2mhs. This is an acceptable model:
cL-RMSD = 4.4 A; capri_metric, L-RMSD = 4.2 A, I-RMSD = 2.0 A, fnat = 48.4%; DockQ
= 0.55. Interestingly, the bound docking case resulted in a high-quality model (cL-RMSD =
1.8 A) that was sampled and ranked no. 1. This indicates that the quality of the models is
important to the scoring study. Figure 6F shows one of the best sampled models (no. 228)
of PDB 3kut, using the unbound protein structure PDB 1g9l. Large conformational changes
were observed between bound and unbound protein structures in this case. This prediction
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is an incorrect model using the capri_metic (L-RMSD = 4.7 A, I-RMSD = 2.1 A, fnat =
32.0%), while its cL-RMSD and DockQ Score are 5.0 A and 0.48, respectively.

Accuracy vs Efficiency

The above results are based on using up to 1000 peptide conformers for each protein-peptide
complex. As already mentioned, the computing cost of sampling increases linearly with the
number of peptide conformers used for docking. By testing on 20 Intel Xeon cores (Intel(R)
Xeon(R) Gold 6148 CPU @ 2.40GHz), an average run time of MDockPeP2 on one case in
the PepPro dataset is about 8 hours when 1000 peptide conformers were used for docking.
The average run time decreases to less an hour (~50 minutes) when 100 peptide conformers
were used for docking. On the other hand, the rate of successfully generating a high-quality
peptide conformer (low bRMSD compared with the bound peptide structure) is also in
proportion to the number of peptide conformers, as shown in Figure 3C. Therefore, it is
meaningful to find a balance between accuracy and efficiency, namely the balance between
the performance of the binding mode prediction and the number of peptide conformers used
for docking.

The results on the binding mode sampling and ranking show that similar performances were
obtained by using different metrics, cL-RMSD, capri_metric, and DockQ. For simplicity
purposes, cL-RMSD will be used as the primary metric in the following studies.

Figure 7A shows the success rates for the peptide binding mode sampling using different
numbers of peptide conformers for both the bound docking and the unbound docking. The
total success rate increased with the increasing number of peptide conformers for both
bound and unbound dockings when different thresholds of cL-RMSD (2.0 A, 4.0 A, and 6.0
)&) were used. Using the threshold of cL-RMSD 4.0 A for the bound docking as an example,
the success rates were 36.0%, 53.9%, 60.7%, and 73.0% when top 10, 100, 200, and 1000
peptide conformers were used for docking, respectively. If a threshold of cL-RMSD 6.0 A
was used, the success rates of unbound docking were 58.6%, 75.9%, 77.6%, and 82.8% for
top 10, 100, 200, and 1000 peptide conformers, respectively. Here, a logarithmic scale is
used on the horizontal axis in the figure. Although the success rate continuously increases
in the whole range (from 1 to 1000) of the number of peptide conformers, the success rates
after 100 increases much less than those before 100.

Figure 7C shows ranking results using the top 200 peptide conformers in each protein-
peptide docking process. When only the top 10 predicted models were considered for each
prediction, a total success rate (CL-RMSD < 6.0 A) of 47.2% (cL-RMSD < 4.0 A: 31.5%;
cL-RMSD <2.0 A: 4.5%) was achieved for the bound docking. This is about 10% lower
than the success rate when 1000 peptide conformers were used for docking (Figure 4C).
Interestingly, for unbound docking, a slightly higher success rate 20.7% was achieved,
compared to that of using 1000 peptide conformers for docking (19.0%). When the top
100 (1000) predicted models were considered for each case, the success rates were 64.0%
(75.3%) and 43.1 (65.5%) for bound and unbound docking, respectively. The performances
are comparable to those using 1000 peptide conformers for docking. Ranking results using
100 and 500 peptide conformers for docking are also presented in Figure S3. Generally,
the more peptide conformers that are used for docking, the higher the success rate can be
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achieved in the ranking stage. However, the computing cost also increases as the number of
the peptide conformers increases.

peptiDB and LEADS-PEP datasets

MDockPeP2 was further tested on two other datasets of protein-peptide complex structures,
peptiDB and LEADS-PEP. For each case in a dataset, up to 1000 peptide conformers were
used for docking. Performances of our method based on peptiDB and LEADS-PEP are
presented in Figure 8A and 8B, respectively.

Figure 8A shows the rates of successfully ranking at least one model with cL-RMSD <
athreshold (2.0 A, 4.0 A, or 6.0 A) among the top N models for both bound docking
(bpro-upep) and unbound docking (bpro-upep). Like the PepPro dataset, bound docking
achieved significant higher success rates than the challenging unbound docking. For bound
docking, MDockPeP2 yielded a total success rate (cL-RMSD < 6.0 )’x) of 62.0% (cL-RMSD
< 4.0 A: 36.0%; cL-RMSD < 2.0 A: 15.0%) when only top 10 models were considered for
each prediction. The total success rates (cL-RMSD < 6.0 ,&) increased to 88.0% (97.0%)
when top 100 (1000) models were considered for each docking. Unbound docking yielded
a relatively low success rate of 35.9% (CL-RMSD < 4.0 A: 10.9%; cL-RMSD < 2.0 A:
6.2%) when only top 10 models were considered for each case. When top 100 and 1000
models were considered for each case, the total success rates (cL-RMSD < 6.0 /3) increased
to 60.9% and 76.6%, respectively.

peptiDB was widely used as a benchmark dataset by other global docking methods.

By testing on this dataset, one of the most powerful protein-peptide docking methods,
CABS-dock yielded a total success rate of 53.0% for bound docking and 37.0% for
unbound docking when top 10 models were considered for each predictionl. Slightly better
performances were achieved by our previous developed docking method, with a total success
rate of 54.0% for bound docking and 37.5% for unbound docking.1® In these studies, ligand
RMSD (L-RMSD) was used as the primary criterion, and a cutoff of 5.5 A was used to
distinguish near-native binding modes from decoys. Using the same criterion, MDockPeP2
achieved significantly better performances than our previous method MDockPeP, with a
total success rate of 62.0% for bound docking and 40.0% for unbound docking. In addition,
HPEPDOCK!8 reported a total success rate (I-RMSD < 2.0 A) of 33.3% for the unbound
cases in peptiDB. Our method achieved a similar performance (32.8%) when the same
criterion (i.e., I-RMSD < 2.0 f&) was applied.

LEADS-PEP dataset contains only bound cases. Prediction results are shown in Figure 8B.
A total success rate (cL-RMSD < 6.0 1&) of 69.8% (cL-RMSD < 4.0 A:54.7%; cL-RMSD <
2.0 A: 22.6%) was achieved when top 10 models were considered for each prediction. The
success rate increased to 84.9% (92.5%) when top 100 (1000) models were considered for
each case.

Very recently, Zhang and Sanner developed a protein-peptide local docking method (known
binding site), AutoDock CrankPep (ADCP)21, which achieved impressive performance on

the LEADS-PEP dataset. Using L-RMSD as the evaluation metric, ADCP yielded a success
rate of 85.7% (L-RMSD < 2.5 ,&) when top 10 models were considered for each prediction.

J Chem Inf Model. Author manuscript; available in PMC 2023 January 10.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Xu and Xiaogin Zou Page 15

Our global-docking MDockPeP2 method achieved a success rate of 41.5% (L-RMSD < 2.5
)&) when top 10 models were considered for each case.

DISCUSSION

In this study, a new criterion, cL-RMSD, was introduced to compare a predicted protein-
peptide binding mode with the experimentally determined complex structure. Prediction
results based on the new metric were compared to those based on two other metrics,
capri_metric and DockQ Score (see sections of “Assessment criteria” and “Binding mode
sampling™). As shown in Figure 4D, the results based on cL-RMSD and those based on
DockQ have a good correlation. However, large overlaps of cL-RMSD values among the
models with different qualities defined by capri_metric were observed (as shown in Figure
S3B). We observed many cases which were defined as acceptable or even medium-quality
models by capri_metric but had cL-RMSD larger than 6 A (see Figure 4D). Figure S4A
shows an example of this case. The predicted model was defined as medium-quality due

the large contribution from fnat (fraction of native contacts). However, the predicted peptide
conformation was incorrect. The peptide adopted a compact p-hairpin conformation in the
crystal structure but was predicted as an extended structure in the docking model. The
incorrectly predicted extended region of the peptide resulted in many non-native contacts,
which were not considered in neither capri_metric nor DockQ Score. The DockQ Score of
this model was 0.44, indicating it as an acceptable model. However, cL-RMSD of this model
was as large as 9.3 A, which means this model was incorrect. Figure S4B shows an opposite
case, in which the predicted model was defined as incorrect by capri_metric but was an
acceptable model according to cL-RMSD (4.4 f\) or DockQ (0.51). In this predicted model,
the peptide conformation was well-modeled. Contacting residues in the modeled structure
were close to those in the crystal structure. It is more like a near-native model rather than an
incorrect model.

As described in the section of “Assessment criteria”, both capri_metric and DockQ Score
are based on three parameters, L-RMSD, I-RMSD, and fnat, in which only fnat partially
considers peptide sidechain conformations. It is worth mentioning that fnat considers only
the recovery of native contacts in a modeled structure. Both capri_metric and DockQ Score
ignore non-native contacts in the predicted models. In fact, the sidechain conformations

of some peptide residues (e.g. “hot spot” residues, anchor residues, or binding motif)

are crucial to the protein-peptide binding. Therefore, we do need a parameter like cL-
RMSD which can directly analyze peptide sidechain conformations. Another advantage of
cL-RMSD is that it is a single variable. Capri_metric involves complex combinations of
three different parameters, while DockQ Score depends on the scaling factor used for each
parameter.

In the sampling step of MDockPeP2, 2000 binding modes generated by ZDOCK were
ranked by ITScorePP, and then top 100 models were kept for each peptide conformer in
each docking case. If all the models sampled by ZDOCK were considered, higher sampling
success rates could be achieved. Using bound docking of PepPro dataset as an example, the
total sampling success rate (cL-RMSD < 6.0 A) was 95.5% (cL-RMSD < 4.0 A: 79.8%;
cL-RMSD <2.0 A: 28.1%) when all the ZDOCK poses (without local minimization; 2000
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poses for each peptide conformer) were considered. The sampling success rate (cCL-RMSD
<6.0 A) decreased to 89.9% (cL-RMSD < 4.0 A: 74.2%; cL-RMSD < 2.0 A: 24.7%) when
top 100 models (ranked by ITScorePP) were used for each peptide conformer. This indicates
that the performance of our method can be further improved by keeping more models in the
rigid docking step at the expense of computing time.

In this study, peptides were treated as fully flexible, but protein structures were treated as
rigid. This should be responsible for low success rates of the unbound docking comparing

to the bound docking. In the real protein-peptide binding process, both peptide and protein
are flexible. Unfortunately, it is difficult to address the protein flexibility issue in current
large-scale studies. However, our method can provide reasonable starting structures for other
accurate but time-consuming methods such as molecular dynamics (MD) simulations, which
can improve the results by treating proteins as flexible.

Another challenge is the scoring function. As shown in Figure 4A, MDockPeP2 successfully
generated at least one near-native binding mode (cL-RMSD < 6.0 1&) for 88.8% bound cases
in the PepPro dataset. However, our current scoring function ranked at least one near-native
binding mode into top 10 models only for 58.4% bound cases (Figure 5A). The ranking
success rates decreased to 21.3% and 39.3% when the top model or the top 3 models were
considered. This indicates that there is a large room to improve the scoring function in our
future studies.

CONCLUSION

We developed a novel method MDockPeP2 for the protein-peptide complex structure
prediction, using only the protein structure and the peptide sequence as inputs. By testing on
PepPro benchmark with peptide sequence length ranging from 5 to 29, MDockPeP2 yielded
excellent performances for binding mode sampling, with total success rates of 88.8% and
82.8% for bound cases and unbound cases, respectively. when only short- and medium-size
peptides (less than or equal to 15 residues) were considered, the success rates increased to
100% and 90.3% for bound cases and unbound cases, respectively. Good performances were
also achieved for binding mode ranking. The overall success rate after ranking is 58.4% for
bound docking and 19.0% for unbound docking for the top 10 models. When top 100 (1000)
models were considered for each case, total success rates increased to 70.8% (79.8) and
44.8% (70.7%) for bound docking and unbound docking, respectively. Significantly higher
success rates were achieved for the datasets peptiDB and LEADS-PEP, which contain only
short- and medium-size peptides (< 15 residues). For peptiDB, the ranking success rates
(top 10 models) were 62.0% and 35.9% for bound and unbound docking, respectively. For
LEADS-PEP, MDockPeP2 achieved a success rate of 69.8% when the top 10 models were
considered. Therefore, our method is suitable for both protein-peptide complex structure
prediction and initial-stage sampling of the protein-peptide binding modes for other docking
or simulation methods.
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Data and Software Availability

The MDockPeP2 program and docking modes for the three datasets, PepPro,
peptiDB, and LEADS-PEP are available at https://zougrouptoolkit.missouri.edu/mdockpep2/
download.html.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.
The flowchart of MDockPeP2.
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bRMSD (A)

Structural comparison of peptides in protein-peptide complexes and corresponding
fragments in monomeric proteins. (A) Left panel: an example of protein-peptide complex
(PDB: 1avf) with the peptide sequence length 22 (color in orange); Right Panel: a fragment
from a monomeric protein (PDB: 4xgc, chain C, residues 259-280). bRMSD of the peptide
and the fragment hit is 2.3 A. (B) Distributions of bRMSDs between peptide structures and
corresponding fragments with two ranges of sequence similarities, [75%, 100%] and [50%,
75). The calculation was based on 89 non-redundant protein-peptide complexes in PepPro
benchmark. (C) Similar to (B) except that fragments used for calculation have similar
environments (or similar interacting interface, PC-score > 4.0) with query peptides.

J Chem Inf Model. Author manuscript; available in PMC 2023 January 10.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xu and Xiaogin Zou

100
80|
§ ﬁ
60} _ |
o ~— bRMSD<1A
i — bRMSD <2 A
& — bRMSD <3 A
O 4o} — DbRMSD <4 A
g bRMSD <5 A
20
0 0 ‘1 2 3
10 10 10 10
Top N peptide conformers
7~ x
+ bRMSD .
6 X hRMSD ey
5t x x"‘x % =
—_ x x x L]
< : -
D 4...x ........ nxx ................ '-
(Vp] . % L3 »
E x * X . xX * x o
m 3 x x x % *y e xx x ’.
2 L :‘*_x: = ,:x_xx_xt. "_x_x _‘_"_ - K- £ B _.f_/,__ ______
1 -
% 1020 30 40 50 60 70 80 90
Peptides
Figure 3.

Page 22

Modeling peptide conformers based on template fragments in monomeric proteins for 89

bound peptides in PepPro.

(A) The success rates of modeling at least one peptide conformer that closely corresponds to

the bound peptide structure

(bRMSD < cutoff) among the top N peptide conformers.

(B) The distributions of bRMSD and hRMSD between the best modeled peptide conformer
(i.e., the conformer with the lowest bBRMSD) in the top 1000 models and the corresponding
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bound peptide structure. The dashed line and dotted line represent 2.0 A and 4.0 A,
respectively.
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Figure 4.

6 8
cL-RMSD (A)

The performance of binding mode sampling for both the bound docking cases and unbound

docking cases in PepPro.

(A) The success rates of peptide binding mode sampling using different values of cL-RMSD
as the thresholds for the bound docking cases (bpro-upep) and unbound docking cases

(upro-upep). Dashed lines represent 2.0 A, 4.0 A, and 6.0 A.

(B) The lowest cL-RMSD value of sampled models for each complex for both the bound
docking and the unbound docking. The peptide sequence length is shown for each complex.
(C) Sampling success rates using different values of DockQ Score as the thresholds for the
bound and unbound dockings. Dashed lines represent DockQ Scores of 0.9, 0.7, and 0.4.

(D) Distributions of sampled models (bound docking) in three evaluation metrics, cL-RMSD

(x-axis), DockQ Score (y-axis), and capri_metric (colors).
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Top N predicted models

The ranking of the sampled peptide binding modes for both the bound docking cases
(bpro-upep) and the unbound docking cases (upro-upep) in PepPro based on the evaluation
metrics cL-RMSD (A) and DockQ Score (B). Subpanels show ranking performances using
different thresholds of cL-RMSD (2.0 A, 4.0 A, and 6.0 A) and DockQ Scores (0.9, 0.7, and
0.4). Numbers (%) reported in the figures are ranking success rates when top 10, 100, or
1000 models were considered for each prediction.
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A

cl-RMSD=1.9A; DockQ=0.84; cL-RMSD=5.6 A; DockQ=0.46; cLl-RMSD=9.9A; DockQ=0.32;
L-RMSD=2.2 A, I-RMSD =0.9 4, L-RMSD=5.6 A, I-RMSD =2.04, L-RMSD=11.14, I-RMSD=4.5A,
fnat = 86.7% (medium-quality). fnat = 30.3% (acceptable). fnat = 48.3% (incorrect).

cL-RMSD =3.1A; DockQ=0.82; cL-RMSD = 4.4 A; DockQ =0.55; cL-RMSD =5.0 A; DockQ = 0.48;

L-RMSD=2.54, I-RMSD=1.04, L-RMSD=4.2 A, I-RMSD=2.04, L-RMSD=4.7 4, I-RMSD=2.14,
fnat = 82.9% (medium-quality). fnat = 48.4% (acceptable). fnat =32.0% (incorrect).
Figure®6.

Six examples of peptide binding modes predicted by MDockPeP2. Experimental bound
peptide structures are colored cyan, and predicted peptide binding modes are colored
magenta. Side chains of contact peptide residues are represented by the stick model.
Proteins in the bound docking cases (A-C) are displayed by the surface and colored light
gray. For the unbound docking cases (D-F), unbound protein structures (colored blue) are
superimposed on bound protein structures (colored light gray). (A) The top predicted model
of PDB 1t0j. (B) A predicted model (no. 289) of PDB 2whx. (C) A low-quality model of
PDB 4ext. (D) A predicted model (no. 8) of PDB 4mbs, using the unbound protein structure
PDB 3utk. (E) A predicted model (no. 260) of PDB 3Kj0, using the unbound protein
structure PDB 2mhs. (F) A predicted model (no. 228) of PDB 3kut, using the unbound
protein structure PDB 1g9l.
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Top N predicted models

Page 27

The performance using different number of peptide conformers for docking. (A) The
performances of binding mode sampling for both the bound docking (bpro-upep) and

the unbound docking (upro-upep). Subpanels show sampling performances using different
thresholds of cL-RMSD (2.0 A, 4.0 A, and 6.0 A). Numbers (%) reported in the figures
are sampling success rates when top 10, 100, 200, or 1000 peptide conformers were used
for docking in each prediction. (C) The performance of ranking the peptide binding modes
generated using top 200 peptide conformers in the sampling stage. Numbers (%) reported
in the figures are ranking success rates when top 10, 100, 1000 models were considered for
each case.

J Chem Inf Model. Author manuscript; available in PMC 2023 January 10.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xu and Xiaogin Zou Page 28

A Performance on peptiDB dataset
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Figure 8.

Peg:formance of MDockPeP2 on the peptiDB dataset (A) and the LEADS-PEP dataset

(B). peptiDB contains both bound docking cases and unbound docking cases. LEADS-
PEP contains only bound docking cases. Subpanels show ranking results using different
thresholds of cL-RMSD (2.0 A, 4.0 A, and 6.0 A). Numbers (%) reported in the figures are
ranking success rates when top 10, 100, 1000 models were considered for each case.
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