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Preface to ”Recent Developments on Protein–Ligand
Interactions: From Structure, Function to
Applications”

Protein–ligand interactions play a fundamental role in most major biological functions. The

number and diversity of small molecules that interact with proteins, whether naturally or not, can

quickly become overwhelming. They are as essential as amino acids, nucleic acids or membrane

lipids, enabling a large number of essential functions. One need only think of carbohydrates or even

just ATP to be certain. They are also essential in drug discovery. With the increasing structural

information of proteins and protein–ligand complexes, molecular modelling, molecular dynamics,

and chemoinformatics approaches are often required for the efficient analysis of a large number

of such complexes and to provide insights. Similarly, numerous computational approaches have

been developed to characterize and use the knowledge of such interactions, which can lead to drug

candidates. For instance, one main application is to identify tractable chemical startpoints that

non-covalently modulate the activity of a biological molecule. This new information brings questions

that affect chemistry, biology, and even poses specific computer problems.

“Recent Developments on Protein–Ligand Interactions: From Structure, Function to

Applications” was dedicated to the different aspect of protein–ligand analysis and/or prediction

using computational approaches, as well as new developments dedicated to these tasks.

The 15 published papers clearly show the extent of such a focus, ranging from general analyses

on a large dataset, to specific methodological developments, to applications of biomedical interest. It

will interest both specialists and non-specialists, as the presented studies cover a very large spectrum

in terms of methodologies and applications. It underlines the variety of scientific area linked to these

questions, i.e., chemistry, biology, physics, informatics, bioinformatics, structural bioinformatics and

chemoinformatics. I would like to use this editorial to thank all the researchers who submitted papers

for this Special Issue and made it a success with work of great interest.

In the context of applications dedicated to a specific system, Aguero and Terreux were working

on an explosive subject, 1,3,5,7-tetranitro-1,3,5,7-tetrazocane (HMX), an explosive that pollutes many

sites. In order to decontaminate these sites, bioremediation was a promising approach. They therefore

set out to improve a nitroreductase from Enterobacter Cloacaetowards HMX. With the Coupled

Moves algorithm from Rosetta, they redesigned the active site around HMX, and analysed the results

with Molecular Dynamics, showing encouraging results [1].

Bienboire-Frosini and co-workers were looking at cat allergies. The major cat allergen Fel

d1 was a tetrameric glycoprotein of the secretoglobin superfamily, but its biological function was

uncertain. They therefore used bioinformatics approaches to search for potential ligands and then

experimentally tested them. The specific affinity of Fel d1 to semiochemicals supports a function of

the protein in cat chemical communication, and pointed to a putative role for secretoglobins in protein

semiochemistry [2].

Dharmatti and colleagues focussed on folate receptor (FR), a major target for cancer treatment

and detection. They tried to enhance by click-reaction FR binding affinity by peptide conjugation.

After multiple optimisations, the designed peptides resulted in an increase in the number of

interaction sites, leading to potentially interesting drug developments [3].

Fan and co-workers worked on pimaricin, a polyene antibiotic of great pharmaceutical

ix



significance. Using Molecular Dynamics, they compared different stages of the molecules and

showed how pimaricin thioesterase-catalyzed macrocyclization evolved, as the protein-polyketide

recognition, and product release; they underlined potential residues for rational modification of

pimaricin thioesterase [4].

Kim and colleagues have looked at monoclonal antibodies (mAbs) potentially interesting in

cancer immunotherapy. mAb-based drugs have some drawbacks, e.g., poor tumour penetration.

BMS-8, one of the potent small molecule drugs inhibits PD-1. Using in silico simulation, they

optimized and successfully tested a derived compound five times more affine [5].

Nshogoza and co-workers analysed TDP-43, as an RNA-binding protein, implicated in

neurodegenerative and cancer diseases. By combining Nuclear Magnetic Resonance and in silico

approaches such as HADDOCK, they designed, tested and provided explanations of their binding to

RNA Recognition Motifs of TDP-43 [6].

Pal and colleagues worked on galectins, a family of galactoside-recognizing proteins involved in

different galectin-subtype-specific inflammatory and tumour-promoting processes. They synthetized

and assessed interest of 3-C-methyl-gulopyranoside derivatives as galectin inhibitors with good

affinity and selectivity [7].

Potthoff et al. applied molecular modelling approaches to build a structural model

of full-length procollagen C-proteinase enhancer-1 (PCPE-1), which was not experimentally

available. They characterized the interactions between the extracellular matrix PCPE-1 protein, and

glycosaminoglycans (GAGs). They predicted GAG binding poses for various GAG lengths, types and

sulfation pattern [8].

Reyes-Espinosa et al. focussed on an issue of economic importance, namely pesticide resistance.

To do so, they modelled the complex-ligands of nine acetylcholinesterase structures of Lepidopteran

organisms and 43 organophosphorus pesticides. The analysis of the complexes allowed a better

understanding of the specificities of the variants of each species [9].

The enzyme phospholipase C gamma 1 (PLC1) was a potential drug target of interest for various

pathological conditions such as immune disorders, systemic lupus erythematosus, and cancers.

Tripathi and colleagues targeted its SH3 domain and various binding partners. They identified with

molecular dynamic simulation the critical interacting essential residues leading to the possibility to

also identify new inhibitors [10].

Caspases not only contributed to the neurodegeneration associated with Alzheimer’s disease,

but also played essential roles in promoting the underlying pathology of this disease. Xue et al.

applied the Movable Type free energy method, a Monte Carlo sampling method extrapolating the

binding free energy by simulating the partition functions for both free-state and bound-state protein

and ligand configurations, to the caspase-inhibitor binding affinity study. They tested more than a

hundred active inhibitors binding to caspase-3 on one side, and smaller well-characterized datasets

on the other side. These studies revealed how small structural changes affected the caspase-inhibitor

interaction energies [11].

Major difficulties for comparing docking predictions with experiments mostly came from the

lack of transferability of experimental data and the lack of standardisation in molecule names.

Gheyouche and colleagues have conceived the DockNmine platform to provide a service allowing

an expert and authenticated annotation of ligands and targets. Researcher incorporated controlled

information in the database using reference identifiers for the protein and the ligand, the data and

the publication associated to it. It allowed the incorporation of docking experiments using forms
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that automatically parse useful parameters and results. Pre-computed outputs to assess the degree of

correlations between docking experiments and experimental data were also provided [12].

Polishchuk and co-workers analysed the fact that pharmacophores derived from molecular

dynamics simulations were more relevant than those just taken from rigid structures, but also

generated a strong redundancy. They therefore proposed an approach to limit the number of

pharmacophores, and showed its relevance [13].

Conserved three-dimensional (3D) patterns among protein structures provided valuable insights

into protein classification, functional annotations or the rational design of multi-target drugs.

Valdés-Jiménez and colleagues developed 3D-PP, a new free access web server for the discovery and

recognition all similar 3D amino acid patterns among a set of protein structures independent of their

sequence similarity. This new tool did not require any previous structural knowledge about ligands,

and all data were organized in a high-performance graph database [14].

Finally, the number of available protein structures in the Protein Data Bank (PDB) had

considerably increased in recent years. Here, with Nicolas Shinada and Peter Schmidtke, we

presented a specific clustering of protein-ligand structures to avoid bias found in different studies.

The methodology was based on binding site superposition, and a combination of weighted Root

Mean Square Deviation assessment and hierarchical clustering. Defining these categories decreased

by 3.84-fold the number of complexes, and offered more refined results compared to a protein

sequence-based method [15].
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Abstract: Explosives molecules have been widely used since World War II, leading to
considerable contamination of soil and groundwater. Recently, bioremediation has emerged as an
environmentally friendly approach to solve such contamination issues. However, the 1,3,5,7-tetranitro
-1,3,5,7-tetrazocane (HMX) explosive, which has very low solubility in water, does not provide
satisfying results with this approach. In this study, we used a rational design strategy for improving
the specificity of the nitroreductase from E. Cloacae (PDB ID 5J8G) toward HMX. We used the Coupled
Moves algorithm from Rosetta to redesign the active site around HMX. Molecular Dynamics (MD)
simulations and affinity calculations allowed us to study the newly designed protein. Five mutations
were performed. The designed nitroreductase has a better fit with HMX. We observed more H-bonds,
which productively stabilized the HMX molecule for the mutant than for the wild type enzyme. Thus,
HMX’s nitro groups are close enough to the reductive cofactor to enable a hydride transfer. Also, the
HMX affinity for the designed enzyme is better than for the wild type. These results are encouraging.
However, the total reduction reaction implies numerous HMX derivatives, and each of them has to be
tested to check how far the reaction can’ go.

Keywords: bioremediation; High Energy Molecules; HMX; protein design; molecular dynamics;
nitroreductase; flavoprotein; substrate specificity

1. Introduction

High Energy Molecules (HEMs) is a term that stands for the class of materials known as explosives,
propellants, and pyrotechnics. HEMs are required for a wide range of purposes in the fields of
construction, engineering, mining, quarrying, space sciences (propellants), pyrotechnics, and currency
production. They are also known for their military purposes [1]. The large-scale manufacturing
and extensive use of HEMs for military purposes since World War II (WWII) have contributed to a
high level of environmental pollution [2]. Contaminated sites are not easy to identify because they
are not only located in present and former war zones but are also present among the military firing
ranges; manufacturing, handling, and storage sites; and areas where they are used for industrial
purposes [3]. In Australia, Canada, and the US, most of these sites have been located, and a minimal
clean-up is in process. In Germany, the situation is more confusing because many of the explosive
manufacturing facilities were demolished at the end of WWII. In other countries worldwide, the extent
of contamination by explosives is either undetermined or not available to the public [4]. Moreover,
some wars are still ongoing at present. Therefore, the environmental issue due to explosives remains a
hot topic [5].
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Decontamination solutions exist. The first treatment process in use was the incineration of
explosive-contaminated soils. This method had the advantage of offering a high level of process
control and efficient destruction and removal. However, burning was relatively expensive and also
polluting due to the production of ashes. Then came biochemical solutions such as composting, the first
biological treatment process to be tested and approved for military sites [4]. Composting requires the
addition of bulking agents, increasing the volume of material. Unlike the ash created by incineration,
composted material can support vegetation and is less expensive. Bioslurry is another soil treatment.
In this process, contaminated soil is mixed with water and nutrients to create a slurry that can be
combined in a bioreactor and treated with various bio-organisms. However, these treatments are ex
situ and require additional costs regarding the equipment and process controls. A solution to ex situ
bioremediation is the phytoremediation, which explores the ability of plants to remove pollutants
from contaminated soils. The main limitations of this method are the toxicity of the contaminants:
treatments are possible only if toxicity is not a factor with the candidate species. Moreover, absorbed
pollutants and their metabolites must move from the bulk soil to the zone of influence near the roots
for phytoremediation to occur. This requires a good solubility of the toxic waste.

Among different forms of chemical explosives, 2,4,6-trinitrotoluene (TNT),
hexahydro-1,3,5-trinitro-1,3,5-triazine (RDX), and 1,3,5,7-tetranitro-1,3,5,7-tetrazocane (HMX)
are the most common (Figure 1). These explosives are highly stable compounds. They tend to
blend with organic matter of soil and thereby to contaminate it [2]. Studies of toxicology on various
organisms including bacteria, algae, plants, invertebrates, and mammals [6] have identified toxic and
mutagenic effects of these common military explosives as well as their transformation products [4].
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Research on TNT and RDX detoxification is still going on, and various phytoremediation-based 
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However, phytoremediation remains more complex for RDX and even more so for HMX. HMX and 
RDX are nitramine compounds. Nitramines are less stable compared to aromatic nitro compounds 
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determine RDX degradation potential. There is, however, a lesser number of studies on aerobic and 
anaerobic microbial degradation of HMX. Despite being a close homolog to RDX, HMX shows more 
resistance to chemical and biological degradation than RDX, due to its very low solubility [10]. 
Recently, a study investigating the HMX degradation potential of the native bacterial isolate 
Planomicrobium flavidum strain S5-TSA-19 was conducted under aerobic conditions [11]. This bacteria 
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methylenedinitramine and N-methyl-N,N′-dinitromethanediamine) formed during biodegradation 
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Figure 1. Two-dimensional chemical structures of (a) 2,4,6-trinitrotoluene (TNT), (b)
hexahydro-1,3,5-trinitro-1,3,5-triazine (RDX), and (c) 1,3,5,7-tetranitro-1,3,5,7-tetrazocane (HMX).

Research on TNT and RDX detoxification is still going on, and various phytoremediation-based
approaches look encouraging. Recently, green grass was created to degrade TNT efficiently [7,8],
and a field-applicable grass species capable of both RDX degradation and TNT detoxification has
also been engineered [9]. Phytoremediation of TNT is very well studied, and the results look
promising. However, phytoremediation remains more complex for RDX and even more so for HMX.
HMX and RDX are nitramine compounds. Nitramines are less stable compared to aromatic nitro
compounds such as TNT. Recently, several studies involving different microbes have been carried out
to determine RDX degradation potential. There is, however, a lesser number of studies on aerobic and
anaerobic microbial degradation of HMX. Despite being a close homolog to RDX, HMX shows more
resistance to chemical and biological degradation than RDX, due to its very low solubility [10].
Recently, a study investigating the HMX degradation potential of the native bacterial isolate
Planomicrobium flavidum strain S5-TSA-19 was conducted under aerobic conditions [11]. This bacteria
strain showed efficient degradation, although some secondary metabolites (like methylenedinitramine
and N-methyl-N,N′-dinitromethanediamine) formed during biodegradation of HMX are toxic or have
unknown toxicity.

Over the past few years, the NAD(P)H-dependent bacterial nitroreductases (NRs) have received
particular attention for their potential use in biodegradation and bioremediation of nitroaromatics [12].
NAD(P)H-dependent bacterial NR, also named nfsB enzymes, are capable of using either NADH or
NADPH as reducing equivalent, in opposition to nfsA, which only uses NADPH. The nfsB enzymes are
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dimeric proteins and encompass two flavin mononucleotide cofactor (FMN). Both types of NR reduce
a broad range of nitroaromatic substrates [13]. Reaction kinetic studies of NR have shown a simple
ping-pong mechanism (Figure 2) without gating steps able to enforce specificity [14]. Electrons are
transferred pairwise from the NADH cofactor to the oxidized flavin, and from reduced anionic flavin
to nitroaromatics substrates [14,15] (Figure 2a,c).The substrate reduction has been proposed to occur
via hydride transfer where two electrons and one proton are transferred in a common way [16]. It has
also been proposed, in the case of NRs, that protons were transferred as solvent-derived protons
via electron-coupled proton transfer [17]. The occurrence of a hydride transfer is dependent on the
distance between the N5 atom of the reduced flavin and the atom donating or receiving the proton
(Figure 2b). A distance of 3.8 Å between the two entities is optimal [18]. It has also been shown that
upon reduction, FMN adopts a butterfly-like bending of the isoalloxazine ring system [19].
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The reduction of nitro groups usually leads to hydroxylamines (Figure 2) and requires the 
transfer of four electrons. The two-electron nitroso reduction intermediate is not observed because 
the second two-electron reaction has a much faster rate than the first two-electron transfer [20,21]. It 
has been shown that the well-characterized NRs from Escherichia Coli and Enterobacter Cloacae (EcNfsB 
and EntNfsB, respectively) were able to reduce nitroaromatics into the corresponding 

Figure 2. (a) Kinetic mechanism of the nitroreductase (NR) from Enterobacter Cloacae. NR is oxygen
insensitive and involves two electron transfers at each reduction step. (b) Atom numbering of
oxidized form of flavin mononucleotide (FMN). (c) FMN and reduced form of flavin mononucleotide
(FMNH2) structures.

The reduction of nitro groups usually leads to hydroxylamines (Figure 2) and requires the transfer
of four electrons. The two-electron nitroso reduction intermediate is not observed because the second
two-electron reaction has a much faster rate than the first two-electron transfer [20,21]. It has been
shown that the well-characterized NRs from Escherichia Coli and Enterobacter Cloacae (EcNfsB and
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EntNfsB, respectively) were able to reduce nitroaromatics into the corresponding hydroxylamines,
but not into the amines [14–21]. However, aromatic reduction to amine has been observed: two NRs
from B. subtilis [22] and more recently one NR from Gluconobacter oxydans 621H reduce TNT into the
corresponding amino products [23]. The advantage of using these enzymes, apart from their ability to
reduce a broad range of nitro compounds including the explosive TNT, is that the reduction of the
nitro group into amine buries any toxicity issues.

Miller et al. [24] have established a correlation between amine production and substrate properties,
indicating that the best choices will have large pi systems and electron-withdrawing substituents.
Likewise, they have shown that electron-withdrawing groups favor the reduction of nitro substrates.
Thus, they suggest that smaller nitroaromatics will be less likely to undergo full reduction. This is
why compounds as TNT undergo reductions to the corresponding amine. HMX has four nitro groups,
which are electron withdrawing, but doesn’t get a pi system. The pi system allows for pi stacking
between the substrates and the flavin, stabilizing the complex. Our challenge was to create a stable
complex without the solicitation of pi stacking.

We focused our research on the NAD(P)H-dependent bacterial NR from Enterobacter Cloacae [25].
The NO2 > NO reduction reaction has been observed in this NR on a similar substrate, the nitramine
RDX [13]. However, HMX is relatively insoluble in water, and much more stable than RDX.
Its metabolization by the same type of enzyme (for denitrification purposes) is therefore more
complicated. Residues 1-nitroso, 2-nitroso, and 3-nitroso HMX have already been observed, but the rate
of the reaction is lower than those observed for RDX. Thus, we computationally modified the structure
of the protein to generate a substrate specificity toward HMX. We worked on the PDB structure
5J8G [26] and rationally redesigned the active site of the NR on its reduced form by using protein
design methods (Figure 3). Then the mutated structure was pushed through molecular simulation
to evaluate the stability of the newly designed active site. Docking of cofactor confirmed that the
performed mutations did not alter the bonding of the FMN electron donor NAD(P)H. All the subtlety
of this work was to improve the specificity of an unspecific enzyme and to allow for the long-term
reduction of non-aromatic nitrated substrates into amine.
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2. Results

2.1. Design of the Active Site

The native structure 5J8G shows the familiar symmetric dimeric fold of NRs [15]. The protein is
composed of two intricated monomers. The H7 helix is central to the dimer interface. This configuration
stabilizes the dimer even when bound to FMN or to various substrates [26]. The active site is a cleft at
the protein surface. It is limited by helix 6 (amino acid 109–129) and 7 (134–148), strand 3, and helix 8
(156–175).

Multiple binding orientations have been observed in NfsB’s active site, based on the crystal
structure of the oxidized enzyme. However, there is a lack of information regarding the substrate
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binding to the reduced form of the NR. Drigger et al. [27] have shown that, for the SsuE FMN reductase,
a protein related to the flavodoxin-like superfamily, as well as the NR, a stacking of the NADPH on top
of the flavin was a non-productive mode of binding. Thus, a productive binding would be related to
the possibility of a hydride transfer. This transfer depends on the distance between the N5 atom of the
flavin and the atom donating or receiving the proton, with a distance of 3.8 Å being optimal. Thus, we
decided to position one of the nitro groups of HMX close to the hydrogen bound to N5 at a distance
inferior to 3.8 Å. Then, we selected, around the HMX molecule, every amino acid within a distance of
4.5 Å presenting a lateral chain facing the active site. From this ensemble of amino acids, we excluded
Glu165 and Gly166, which support efficient hydride transfer from NADH to FMN. We also excluded
Asn71, Thr41, and Phe124, which are involved in interactions between NADH and FMN [15–28].
Phe124 was also excluded, as the amino acid was identified as conferring NR activity [29]. Moreover,
the side chain of Phe124 interacts with the nicotinamide ring of NADP [26]. These particularities are
shared with several other NR homologs [17–30].

As a final verification, the remaining residues were cross-checked against a sequence alignment
clustering the 50 most similar protein sequences in the UniProt Database filtered according to a
UniRef90 BLAST Search. Highly conserved residues across the alignment were excluded. We finally
allowed the modification of Tyr68, Phe 70, Glu120, Tyr123, and Ala125 into every natural amino acid
(Figure 4). A restrained energy minimization was then performed to relax the structure in order to
keep the HMX molecule in a relevant position.
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Then, we performed several trials using the Coupled Moves algorithm, using 30 identical starting
structures (see Supplementary Materials for script and param files). A total of 10,000 steps per structure
was conducted. Residues Tyr68, Phe70, Glu120, Tyr123, and Ala125 were allowed to be mutated into
any natural amino acid, including their associated side chain rotamers. The selection of amino acid
identity and rotamer at each step was based on the calculated ROSETTA energy scores and chosen
according to Boltzmann weighted probability. The simulation produced 6093 low-energy sequences.
The results of the trials are illustrated under a logo sequence (Figure 5). The logo depicts the amino
acid conservation among the sequences previously generated.
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sizes. Mutations Y68F and F70E are located on H4. 

When compared to p-NBA (the bound substrate of the NR in 5J8G crystal structure used for 
mechanistic studies by Pitsawong et al. [26]), HMX shows a completely different structure: p-NBA is 
planar, allowing binding via H-bonds and pi staking above the re face of the FMN, as for the other 
substrates and analogs in the active sites of the NR and NfsB. However, the placement of p-NBA is 
not optimal for reactivity, as the nitro group to be reduced is too far from the reduction center (N5 of 
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carbon and nitrogen atoms, with a nitro group attached to each nitrogen atom. This means that the 
molecule is not planar and can adopt four different crystalline conformations (alpha, beta, delta, and 
gamma). Stabilizations by pi stacking interaction are no longer possible. Transformation of one HMX 
conformation to another only occurs at high temperature. However, here, we consider the four 
conformations as only one possible substrate with several conformers for simplicity. 

As shown in Figure 6b for the mutant NR, K14 forms H-bonds bridges between the protein, the 
FMNH2 cofactor, and HMX. This bridge maintains FMNH2 and HMX in close contact together. 
Additionally, there is an H-bond between non-cyclic part of FMNH2 and one nitro group of HMX. 
Finally, HMX is stabilized in the active site because of the electrostatic repulsion of the mutated 
G120D, which interacts with the hydrogens related to the carbon ring atoms. The rest of the molecule 
is exposed to the solvent. The residues Phe124, Thr41, Glu70, and Asn71 exhibit a side chain and a 
backbone segment, which are both very highly solvent exposed in the active site when HMX is not 
present. The presence of the ligand greatly reduces the solvent accessible surface area. HMX fits in a 
more homogeneous way in the active site of the mutant. Indeed, the WT NR stabilizes HMX with 
Asn71 and Thr 41, but also through Gly166 and Glu165 H-bonds, in a way similar to the binding 
mode of NADH to the NR (Figure 6a). The mutation G120D reduces the inner volume of the active 
site and allows for a better fit of HMX. In the mutant, one of the nitro groups of HMX is close enough 
to the N5 atom (4.35 Å) to allow hydride transfer. This first reduction step of HMX has been 
experimentally observed [31]. This situation is not surprising. However, the design of the active site 
aims to allow for both the experimental first step of the reaction and for the entire reduction of the 
nitro group. 

Figure 5. Relative Amino Acid Proportions at Positions 68, 70, 120, 123, and 125 in Low-Energy
Structures. The relative size of each letter indicates their frequency in the sequences, and the total
height of the letters shows the information content of the position, in bits.

As shown in Figure 5, the occurrence of each amino acid within the sequences is depicted by the
total height of the letter. Biggest letters are identified as beneficial. Mutations G120D, A125G, Y68F,
and F70E were accordingly proposed to improve the stability of HMX in the active site. Mutations of
Y123 do not demonstrate clear results. The most frequently proposed mutation is the replacement of
the tyrosine by an arginine. Mutations G120D, Y123K, and A125G are located within the H6 helix.
It has been suggested that the substrate specificity was due to the plasticity of this helix. Indeed, H6
shows an elevated variability in amino acid and position for accommodating substrates of different
sizes. Mutations Y68F and F70E are located on H4.

When compared to p-NBA (the bound substrate of the NR in 5J8G crystal structure used for
mechanistic studies by Pitsawong et al. [26]), HMX shows a completely different structure: p-NBA is
planar, allowing binding via H-bonds and pi staking above the re face of the FMN, as for the other
substrates and analogs in the active sites of the NR and NfsB. However, the placement of p-NBA
is not optimal for reactivity, as the nitro group to be reduced is too far from the reduction center
(N5 of FMN). HMX does not have an aromatic structure. It consists of an eight-membered ring of
alternated carbon and nitrogen atoms, with a nitro group attached to each nitrogen atom. This means
that the molecule is not planar and can adopt four different crystalline conformations (alpha, beta,
delta, and gamma). Stabilizations by pi stacking interaction are no longer possible. Transformation of
one HMX conformation to another only occurs at high temperature. However, here, we consider the
four conformations as only one possible substrate with several conformers for simplicity.

As shown in Figure 6b for the mutant NR, K14 forms H-bonds bridges between the protein,
the FMNH2 cofactor, and HMX. This bridge maintains FMNH2 and HMX in close contact together.
Additionally, there is an H-bond between non-cyclic part of FMNH2 and one nitro group of HMX.
Finally, HMX is stabilized in the active site because of the electrostatic repulsion of the mutated G120D,
which interacts with the hydrogens related to the carbon ring atoms. The rest of the molecule is
exposed to the solvent. The residues Phe124, Thr41, Glu70, and Asn71 exhibit a side chain and a
backbone segment, which are both very highly solvent exposed in the active site when HMX is not
present. The presence of the ligand greatly reduces the solvent accessible surface area. HMX fits in a
more homogeneous way in the active site of the mutant. Indeed, the WT NR stabilizes HMX with
Asn71 and Thr 41, but also through Gly166 and Glu165 H-bonds, in a way similar to the binding mode
of NADH to the NR (Figure 6a). The mutation G120D reduces the inner volume of the active site and
allows for a better fit of HMX. In the mutant, one of the nitro groups of HMX is close enough to the N5
atom (4.35 Å) to allow hydride transfer. This first reduction step of HMX has been experimentally
observed [31]. This situation is not surprising. However, the design of the active site aims to allow for
both the experimental first step of the reaction and for the entire reduction of the nitro group.
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Figure 6. The Molecular Operating Environment software (MOE) Ligand Interactions application
allows for the visualization of the protein active site in complex with HMX, in diagrammatic form. The
diagram shows solvent interactions, H-bonds and surface of exposure. (a) Wild Type NR and HMX; (b)
Mutant NR and HMX.

After the design phase of the NR being completed (Figure 7), we needed to explore the time
dimension parameter of the 3D NR model. Thus, the behavior of HMX in the newly design active site
was investigated. The objective was to see if the generated structure could reach an energetic balance
and, if yes, in which way.
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2.2. Molecular Dynamic Simulations

2.2.1. Global MD Analysis

A first MD simulation of 130 ns was performed on the NR in a ligand-bound complex with p-NBA
(PDB ID: 5J8G). Pitsawong et al. [26] showed that the NR does not generate paminobenzoic acid and
thus does not appear to reduce nitro groups into amines [14–20]. p-NBA has been co-crystallized with
the NR from Enterobacter Cloacae. We used this crystal as a starting structure to understand how
p-NBA was stabilized in the active site. The dynamics show that the p-NBA is not stable in the active
site during the whole dynamic but moves in and out of the pocket. When in the pocket, the aromatic
ring of the p-NBA is stabilized against the flavin ring, probably involved in pi stacking interactions.
The nitro group is oriented in a non-productive way, meaning that the nitro group is too far from the
N5 atom of the flavin to trigger a hydride transfer. These observations are consistent with the crystal
description of Pitsawong et al. Affinity calculation of p-NBA/NR interaction were calculated (Table 1).

Table 1. Table of free-energy calculation of NR/ligand complex. MMGBSA is calculated as a sum
of a conformational energy terms supplemented with a solvation free-energy term calculated using
continuum electrostatics.

Complex NR/HMX mmGBSA (kcal/mol)

Wild Type NR/p-NBA −15.2117
Wild Type NR/HMX −11.8261

Mutant NR/HMX −29.0704

A similar molecular dynamic simulation of 130 ns was performed on the Wild Type NR in a
ligand-bound complex with HMX. We used the 5J8G crystal structure as a starting point. The p-NBA
was replaced with HMX positioned in a productive way, according to the original p-NBA orientation,
with one of its nitro groups close to the N5 atom of the flavin at a distance of 3,8 Å.

We observe that HMX doesn’t reach a stable position within the active site. It rolls in the space
delimited by H6 and FMNH2 and struggles to find a stable position. As a consequence, none of the
four groups is stabilized long enough within a radius of 3.8 Å around the reductive N5 of FMNH2 to
consider a hydride transfer. Phe124 is positioned under one of the nitro groups and does not manage to
stabilize it. Phe124 also cannot prevent HMX from leaving the active site, and HMX ends up escaping
after 70.4 ns (frame 352) in one out of three simulations. During this particular dynamic, Tyr 123 failed
to catch and get HMX into the site.

As a result, the WT NR does not successfully stabilize HMX because these weak interactions are
not persistent in time and cause HMX to leave.

We did not use the docking method to place HMX in the NR active site because we had to dock
the HMX between FMNH2 and H6. However, H6 is greatly variable in terms of position [15]. Such a
variability, in terms of plasticity, may be directly related to the wide range of substrate accepted by the
NR. Thus, while moving, the helix allows for the accommodation of more or less bulky substrates. The
use of docking, even with induced-fit features, would not have given good results. By considering the
helix as non-flexible, the pose wouldn’t have reflected the reality of the NR flexibility. By using our
method, thanks to the dynamics, the helix rearrangement can be considered as accommodating our
large substrate, while respecting our positioning constraint.

Another 130 ns MD simulation was performed on the mutant NR previously designed, in a
ligand-bound complex with HMX. The input .pdb structure was directly extracted from the coupled
trials after the selection of the lower energy mutant. This mutant of Enterobacter Cloacae NR shows
the following mutations: G120D, Y123K, A125G, Y68F, and F70E. Throughout the simulation, HMX
remains trapped in the cleft formed by the active site. This cleft is delimited by Phe124 upstream.
Laterally, Lys123 blocks HMX and prevents it from leaving due to H-bonds connections through the
amine portion of its lateral chain and the hydrogens connected to the carbon atoms of the HMX cycle.
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Alternatively, it also establishes H-bonds with the oxygen of the nitro groups. Downstream, Asn117
also makes H-bonds through its amino lateral chain. Phe68 occupies steric space above HMX, and
places it against FMNH2. At no point during the dynamics does HMX go out of the molecule. It is
stabilized in a relative way since it is able to roll in the previously described space. Thus, the nitro
group presented at the reducing center N5 is never the same. This is partly due to conformational
changes in the HMX.

2.2.2. Stability Studies

RMSD gives an overall picture of how much the protein structure has changed throughout the
simulation. It provides an overview of protein stability over time. We captured RMSD of the protein,
of the cofactor FMNH2 and each substrate (p-NBA and HMX). RMSD plots for all simulations are
shown in Figure 8.Int. J. Mol. Sci. 2019, 20, x FOR PEER REVIEW 10 of 21 
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The first simulation captures the movements of the NR is complex with p-NBA, the initial structure
of the NR co-crystallized acid para nitrobenzoic (Figure 8.1). All along the 130 ns of simulations, the
WT NR protein is stable as shown by its low RMSD (2.2 Å). FMNH2 shows more movement relative to
the protein (displacement of 3.5 ± 1.00 Å). This is because the cofactor is not covalently bound to the
NR protein but through H bonds. This mode of binding allows for a certain flexibility of the structure,
depending on the inner movements of the protein backbone and through lateral chains. p-NBA is
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not stable in the active site as it moves in and out. RMSD translates these movements by showing a
broad variability.

In comparison, the WT protein in complex with HMX shows similar stability (Figure 8.2).
The protein exhibits a RMSD value of 2.00 ± 0.15 Å, whereas the FMNH2 gets a higher RMSD value at
3.25 ± 1.50 Å. However, HMX goes out of the active site in one simulation, but not in the two others.
In the first one, HMX exhibits a RMSD value of 18.73 ± 1.19 Å. It seems to be stable in the first few
ns but finally goes out, to the same extent as p-NBA. HMX gets lowers RMSD values for the two
other simulations (respectively 8.52 ± 3.57 Å and 7.21 ± 1.19 Å). HMX behavior is not similar among
the three MDs. In the first one, residues F124 and K123 of H6 do not manage to lock HMX in the
pocket. As a result, the molecule leaves the active site. In the two other ones, due to a slightly different
orientation of their lateral chain, residues F124 and Y123 prevent HMX from escaping the active site.
As a consequence, HMX manages to establish transient H bonds with K41. However, these H bonds
are not sufficient to stabilize HMX, which rolls in the pocket.

Our design project aimed to create an NR able to stabilize and thus make possible the reduction of
HMX nitro groups. The designed NR displays comparable stability (Figure 8.3) when compared to the
WT NR (2.25 ± 3.05 Å for the protein, 3.25 ± 0.75 Å for the cofactor). HMX reaches a stable state when
complexed with the mutant enzyme. Indeed, even if some artifacts are observed due to the periodicity
of the solvation box, the global RMSD is quite stable, regarding the complexed WT NR: 6.41 ± 1.20 Å,
4.35 ± 1.97 Å, and 5.11 ± 1.76 Å for the triplicate MD. In the mutant NR, HMX is more stable in the
active site and is adequately positioned. The mutations Y123K and G120D (H6) stick HMX against
the re face of the flavin, establishing H bonds with the nitro groups of HMX. Y123K mutation plays a
crucial role in maintaining HMX in the active site. In the WT NR, Y123 did not manage to stabilize
HMX through H bonds. As a consequence, HMX escapes or is pushed in the pocket without reaching
a stable state. In the mutant NR, K123 catches and stabilizes HMX through H bonding when the
molecule moves away from the active site. G120D mutation also provides better stabilization through
H bonds between the nitro groups of HMX and its two oxygens. F124 prevents HMX from leaving to
the same extent as in the WT NR. Moreover, this optimal support is reinforced by K41, which forms H
bond bridges between the protein, the FMNH2 cofactor, and HMX. Finally, HMX is stabilized at the
required distance to observe the hydride transfer.

As a final verification, an additional simulation was launched to verify whether the designed
active site conserves its stability in the absence of HMX. As shown in Figure 8(4), both FMNH2 and the
protein maintain their stability with an RMSD even more stable than those with HMX (respectively
(3.88 ± 0.38 Å for the protein and 1.88 ± 1.23 Å for the cofactor). The flat RMSD means that the designed
protein is stable, with and without HMX bound to the active site. The absence of high variations
may be due to the lack of HMX above H6, which is known to show a high flexibility to accommodate
different substrates.

2.2.3. Affinity Studies

Once the MD simulations of ligand recognition upon binding of HMX to the NR were performed,
we also calculated the ligand-binding affinity.

The calculated binding free energies of each substrate for the WT and mutant NR were computed
using the ensemble-average molecular mechanics energies combined with the generalized born and
surface area continuum solvation (MM/GBSA) rescoring. MM/GBSA are popular methods used to
estimate binding energies of small ligands to biological macromolecules. They are based on molecular
dynamics simulations of the receptor–ligand complex. Each calculated binding free energy is averaged
from snapshots extracted from the last four ns MD trajectories. The results are shown in Table 1.

We observed that the binding free affinity of the mutant NR and HMX complex is lower than
those of the WT NR/HMX complex. This affinity value is also stronger than the WT NR/p-NBA
one. These results tend to ensure that the designed enzyme complexed with HMX offers better
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stability compared to the WT NR. These calculations are confirmed by the structural study of the
complex interaction.

2.2.4. HMX Behavior during the Simulation

The distance between each oxygen from the HMX nitro groups and the reductive N5 of FMNH2
has been calculated during the 130 ns simulation. As previously described, HMX does not stay bound
in the active site of both WT and mutated NR. While HMX leaves the WT NR after several rolls in
the active site, it remains trapped in the mutated NR active site. However, it does not keep a stable
position and also rolls under FMNH2, exposing different nitro groups to the reductive N5.

A graph showing the medium distance between each oxygen from HMX (O1, O2 . . . O8) for the
complexes WT NR/HMX and mutant NR/HMX is shown in Figure 9. As previously mentioned, the
possibility of hydride transfer depends on the distance between the flavin N5 atom and the atom
donating or receiving the hydrogen, 3.8 Å being optimal [18].
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In the WT NR (Figure 9a), the distance to observe the reductive reaction is only inferior to 4 Å
during the start of simulation. However, this distance is almost always inferior to this value for our
mutant NR (Figure 9b).

These observations, combined with the affinity calculations, tend to prove that the mutant
NR/HMX complex is more stable and that there is a higher probability of observing a hydride transfer
between the mutant NR and HMX than between the WT NR and HMX.

2.3. Docking Studies

Our results show that the designed enzyme is able to better stabilize HMX than the WT NR, and
that the affinity between the mutated NR and HMX is stronger than for the WT NR/HMX complex.

However, a specific point still needs to be clarified: is the mutant NR flavin still able to be reduced
by NADPH? To answer this question, in silico docking of the NADPH co-factor to the predicted mutant
NR structure was performed.

The last frame of the MD simulation for the mutant NR/HMX complex was extracted as .pdb.
Prior to the docking, HMX, water molecules, and ions were removed. The docking zone was defined as
follows: the FMN cofactor, H5 and H6 (residues 94 to 129), the loop between H3 and H4 (residues 67 to
74), the loop from amino acid 40 to 43, H7 (residues 138 to 142), the loop between H1 and H2 (residues
nine to 22), and the loop between strand4 and H9 (residues 197 to 207). This zone spatially defines the
active site. It also includes amino acids known to be involved in weak and dominant interactions with
the NAPDH analog nicotinic acid adenine dinucleotide (NAAD). Indeed, Pitsawong et al, 2017 have
shown that the nicotinic acid ring of NAAD stacks against the re face of the flavin over the uracyl and
diazabenzene. They have also shown that weak interactions with the backbone of Gly120 and Thr67,
and with the side chain of Asn71, engage the ribose hydroxyls. The dominant interactions stabilizing
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the phosphates are observed with the conserved side chains of Lys14 and Lys74. Also, the side chain of
Phe124.B interacts with the nicotinamide.

A total of 150 docking poses were generated using the triangle match placement method associated
to the London dG scoring function. Then, 25 top scoring poses were refined using the induced fit
refinement scoring function GBVI/WSA dG with the generalized born solvation model (GBVI).

The top five scoring poses were evaluated. Three conformations of NADPH bound into the active
site of the protein and interacting with FMN were observed. The ranking was based on the GBVI/WSA
score and the maximum number of favorable non-bonded interactions between the mutant protein and
NADPH. Configuration number 4 had the maximum number of protein–substrate–cofactor interactions
and was hence considered to mimic the actual protein–ligand complex: carboxyl group of His11 forms
one H-bond bridge between the protein, the phosphate group on NADPH, and the cofactor FMN atom
02 (Figure 10). The nicotinamide is not involved in pi stacking interactions with FMN, but it sits deep
in the pocket, which contains the flavin rings, and which is stacked against the re face of the flavin over
the uracyl and diazabenzene rings. Our observations are in good agreement with the crystal structure
5J8D of the NR bound in a complex with NAAD, an analog of NADPH [26]. The distance between the
transferable hydrogen and the N5 of the flavin is 2.88 Å, allowing for a hydride transfer.
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3. Discussion

In this study, we designed the NR from Enterobacter cloacae to facilitate the reduction of a specific
substrate: the high energy molecule HMX. This design is more likely a redesign of the active site,
since only a few positions were mutated to allow a better stabilization of the ligand in the pocket.
Indeed, in vitro studies have shown that HMX does not undergo full reduction. Different causes are
possible—HMX has a very low solubility, and the NR is a soluble enzyme. Also, nitroaromatics are
more likely to be stabilized in the active site, thanks to the pi stacking interactions with FMN, which is
not the case of HMX.

The challenge here was to use a different way to stabilize HMX. The design allowed for the
creation of various H-bonds with HMX (Figure 6), and the ligand fits more homogeneously in the
mutant active site than in the WT NR. However, the model has been designed using a relatively rigid
structure as a starting point. This is why we used MD simulations to allow for the relaxation of the
complex and affinity calculations. RMSD calculations showed that the designed NR has a stability
comparable to the WT NR. However, HMX reaches a more stable state when complexed with the
mutant enzyme (Figure 9). Affinity calculations also indicate an improved affinity. As shown in Table 1,
HMX and p-NBA contain oxygens with partially negative charges, suggesting electrostatic interactions,
which should be a critical factor in the binding affinity. HMX has four nitro groups. Each of them
has two H-bonds acceptors. As H-bonds and pi stacking are weak interactions, the presence of eight
oxygens could compensate for the absence of the aromatic group and the subsequent absence of pi
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stacking for HMX. This also could explain the remaining of HMX in the WT NR active site during the
start of the simulation. The escape of the ligand outside the pocket could be due to the size of HMX
and the nature of the molecule, which presents inner movements, resulting in a larger occupied space
than the one held by p-NBA.

This work also allowed us to show that the mutated NR is able to use NADPH in conjunction with
oxidized FMN. In this regard, we performed a docking study. The optimal pose was selected among
the top five scoring poses, according to the maximum number of protein-substrate-cofactor interactions.
It has been shown that Asn71, Lys14, and Lys74 make polar contacts with the sugar-phosphate portion
of the bound nicotinic acid adenine dinucleotide (NAAD), a precursor of NAD and NADPH [26]. It has
also been shown that the NAAD binds the NR in an extended conformation [32] with its nicotinic ring
against the face of the flavin. This is consistent with observations in other flavoenzymes [33]. These
residues, identical or similar in NR homologs, suggest that NADH binding is similar among the family
members. As none of the three conserved residues have been mutated during the design phase, we
suppose that NADPH could adopt a stable conformation in the designed active site. However, our
selected docking pose does not show the same interactions. NADPH is stabilized by a bond bridge
between His 11, the phosphate group of NADPH, and the FMN atom 02. This configuration locks
NADPH in the pocket. Also, we did not observe the interaction between the nicotinamide ring of
NADPH and the backbone of Phe124, which was identified as conferring NR activity [34]. However,
we observe the same position of the nicotinamide stacked against the re face of the flavin. Regarding
the reaction, the hydride transfer is possible if the C4 of NADPH is 3.0Å from the flavin N5. This
position promotes orbital overlap between the nicotinamide C4 hydrogen of NADH and the N5 of the
isoalloxazine ring [18]. The selected pose of our study shows a distance of 2.88 Å between the FMN N5
and the hydrogen donor, which allows for the hydride transfer. Consequently, MD simulations would
be relevant, as the structure, even minimized, could be trapped in local energy minimum. Indeed,
docking was performed with an induced fit model could observe a rearrangement of the NADPH after
a relaxation phase.

One last question still needs to be answered: does the mutant NR accommodate intermediate
HMX derivative structures? Our work aimed to design an enzyme able to reduce the nitro groups
of the explosive HMX specifically. In the process, the design was performed with HMX as a starting
substrate. However, HMX contains four nitro groups, and the affinity of the intermediate structures,
shown in Table 2, must be studied. The point is to understand how far the reduction could go, and
how much we could detoxify the molecule. In 2014, Pitsawong et al. [14] showed that the WT NR does
not generate p-aminobenzoic acid from p-NBA and therefore appears to not reduce nitro groups into
the corresponding amine. The chemical explanation of this limitation was brought by McCormick et
al. [35], who showed that the reduction rate of the nitro group increases with the groups present in
the para position (with the following priorities: NH2 <OH <H <CH3 <COOH <NO2). It could be
interesting to evaluate whether our mutant NR could overcome this condition.

The interest in going beyond the hydroxylamine state lies in the fact that HMX derivatives are
also considered toxic. Indeed, we understand that the toxicity of HEMs is highly connected to the
presence of the nitro groups. However, the hydroxylamine derivative is also known to interact with
biomolecules, including DNA, and thus causing toxic and mutagenic effects. The toxic effects are
related to the electrophilic character of these derivatives, whereas the mutagenic effects are mainly due
to the formation of hydroxylamine moiety adducts through esterification with guanine [36]. This is
why it would be interesting to perform a docking study of the HMX derivatives on the designed NR to
investigate if the docking poses could promote hydride transfer. Also, these results would have to be
confirmed by MD simulations and affinity calculations to confirm the stability of these molecules in
the active site.
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Table 2. HMX derivative molecules.

HMX Derivative Molecule Name
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From a technical point of view, it is important to address two points. Regarding the design phase, 
the choice of the algorithm depends on the protein design problem: given a desired structure, can we 
design an amino acid sequence capable of assuming a target structure? The goal of a protein design 
algorithm is to search for all the possible conformations of a sequence that could match a target fold. 
Then it must rank the sequences accordingly to the lowest energy conformation of each one, as 
determined by a protein design energy function. This ranking is highly connected to the optimization 
problem consisting of finding the conformation of minimum energy. A bunch of algorithms have 
been developed to solve the protein design problem. They are divided into two broad classes—exact 
algorithms, such as dead-end elimination (DEE), that lack runtime guarantees but guarantee the 
quality of the solution; and heuristic algorithms, such as Monte Carlo, that required fewer 
computational resources than exact algorithms, but have no guarantees for the optimality of the 
results. Regarding our starting protein, a NR able to metabolize, even incompletely, nitro compounds 
with experimental validation, the limited number of positions to design, and our computational 
resources, we chose to use a heuristic algorithm, and to enforce the resulting design results by MD 
simulation, allowing us to solve Newton’s equations of motion and thus to gather dynamical 
information.  

Second, the MD conclusion was based on the RMSD method. RMSD has the advantage of 
quickly translating into the stability of a protein. Nevertheless, it is essential to take this data with 
some hindsight. First of all, the main problem of the RMSD is closely related to the amplitude of error. 
Indeed, two identical structures could not be perfectly superimposed due to the movements of a 
single loop or a flexible terminus. In this case, such structures have a large global backbone RMSD 
and cannot be effectively overlapped by any algorithm that optimizes the global RMSD. The 
variations observed between our structure could be related to the high flexibility of H6, which is 
known to accommodate various substrates, in spite of their size. H6 is situated under FMNH2 and is 
connected to the rest of the protein through two loops. This unique situation allows, despite the 
mechanical rigidity of the helix, for a relative flexibility of the overall structure [37]. 

A similar approach has been performed in 2003. Loren et al. [38] computationally designed a 
receptor and a sensor protein with novel functions by using a DDE algorithm to construct efficient 
soluble receptors that binds TNT with high selectivity affinity. These designed receptors illustrate 
potential application of computational design and validate our approach. 

Nonetheless, we only provided in silico results here. It would be interesting to produce the 
mutant and to proceed in vitro tests and calculations to get a better feedback on our work. 
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fold. Then it must rank the sequences accordingly to the lowest energy conformation of each one, as
determined by a protein design energy function. This ranking is highly connected to the optimization
problem consisting of finding the conformation of minimum energy. A bunch of algorithms have
been developed to solve the protein design problem. They are divided into two broad classes—exact
algorithms, such as dead-end elimination (DEE), that lack runtime guarantees but guarantee the quality
of the solution; and heuristic algorithms, such as Monte Carlo, that required fewer computational
resources than exact algorithms, but have no guarantees for the optimality of the results. Regarding
our starting protein, a NR able to metabolize, even incompletely, nitro compounds with experimental
validation, the limited number of positions to design, and our computational resources, we chose to
use a heuristic algorithm, and to enforce the resulting design results by MD simulation, allowing us to
solve Newton’s equations of motion and thus to gather dynamical information.

Second, the MD conclusion was based on the RMSD method. RMSD has the advantage of quickly
translating into the stability of a protein. Nevertheless, it is essential to take this data with some
hindsight. First of all, the main problem of the RMSD is closely related to the amplitude of error.
Indeed, two identical structures could not be perfectly superimposed due to the movements of a single
loop or a flexible terminus. In this case, such structures have a large global backbone RMSD and cannot
be effectively overlapped by any algorithm that optimizes the global RMSD. The variations observed
between our structure could be related to the high flexibility of H6, which is known to accommodate
various substrates, in spite of their size. H6 is situated under FMNH2 and is connected to the rest of
the protein through two loops. This unique situation allows, despite the mechanical rigidity of the
helix, for a relative flexibility of the overall structure [37].

A similar approach has been performed in 2003. Loren et al. [38] computationally designed a
receptor and a sensor protein with novel functions by using a DDE algorithm to construct efficient
soluble receptors that binds TNT with high selectivity affinity. These designed receptors illustrate
potential application of computational design and validate our approach.

Nonetheless, we only provided in silico results here. It would be interesting to produce the mutant
and to proceed in vitro tests and calculations to get a better feedback on our work.

4. Materials and Methods

4.1. Workflow

The protocol aims to generate mutants and to computationally validate our model by performing
MD simulations aiming to provide information on the free binding energy and on the stability of our
newly designed structure. Each run was repeated iteratively until we get satisfying results in terms of
structure, stability, and affinity (Figure 3).

4.2. Computational protein engineering

4.2.1. Protein Preparation

A 1.9 Å protein crystal structure (PDB ID: 5J8G [26]) of the bacterial NAD(P)H NR from Enterobacter
cloacae in a ligand-bound complex with acid para nitrobenzoic (p-NBA) was obtained from the PDB [39]
for use as a starting structure for computational modeling. This structure was examined and prepared
for manipulation using the Structure Preparation feature in the Molecular Operating Environment
software (MOE) [40]. Acid para nitro benzoic was removed and the structure was minimized using the
Amber14 force field [41] to reach an energetically favorable conformation. Then all the unbound water
and cofactor FMN molecules were removed from the structures.

4.2.2. Cofactor Preparation

FMNH2 structure file was built from 4PU0 [27] crystal structure and then converted into the
appropriate conformer with MOE confsearch feature. FMNH2 was then superimposed to the oxidized
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FMN into the 5J8G crystal structure and the coordinates were converted into .mol files. The .mol files
were then parameterized by Rosetta31 (molfile_to_params.py script) to produce a parameter file and a
new .pdb file.

4.2.3. Ligand Preparation

HMX structure was downloaded from Chemspider [42]. Then, HMX was minimized and placed
into the active site of the protein structure 5J8G, in superposition of the acid para nitro benzoic position
and in a way that the nitro group to be reduced was at a distance of 3.8 Å from the N5 atom of the
flavin. HMX was then converted into a .mol file using MOE. Partial charges were corrected using MOE
features. The .mol file was then parameterized by Rosetta (molfile_to_params.py script) to produce a
parameters file and a new .pdb file.

4.2.4. Generation of HMX Rotamer Library

An HMX rotamer resource file was generated by random sampling using the searchconf function in
MOE. This rotamer library was completed with crystal structure of HMX retrieved from the Cambridge
database [43]. The library was then used for all subsequent Coupled Moves protocol simulations that
used HMX as substrate ligand.

4.2.5. Resfile Generation

A 4.5 Å space around HMX was then determined. All the amino acids with a lateral chain not
facing the active site were removed. Amino acid involved in the stabilization of the HMX cofactor or
in the catalytic activity of the protein were also removed. The remaining amino acid were put in a text
file named “resfile.” This resfile gives information on which positions we want to design. Each target
residue was allowed to mutate into rotamers of every amino acid (“ALLAA”).

4.2.6. Design Method

The computational protocol used in this study redesigns enzyme active site. Coupled Moves
algorithm primarily focuses on the optimization of side-chains for ligand binding and allows for a
certain backbone flexibility [44].

The NAD(P)H NR protein structure prepared in the Structure Preparation section was split into
separate .pdb files, consisting of the apo-protein, the HMX substrate and the FMNH2 cofactor. Small
molecule structure files (HMX and FMNH2) were converted into .mol files. The .mol files were then
parameterized by Rosetta (molfile_to_params.py script) to produce a parameters file and a new .pdb
file for each structure. Then, we combined the protein, HMX, and FMNH2 structure files into a single
.pdb input file for coupled moves command.

The substrate parameters files were edited to include the path to the HMX rotamer library file
described in the “Generation of HMX rotamer library” section. The resfile including all the positions to
be designed was created. FMNH2 and the apo-protein were allowed to use sampling rotamers of their
current identity. HMX was supplemented with the rotamer library previously generated. The design.sh
script was used to call all the prepared input files. It contains the variables and instructions for the
Coupled Moves method simulation run.

4.2.7. Model Evaluation (Data Analysis)

Low-energy sequences generated by the Coupled Moves protocol were discarded to remove
redundant sequences across multiple protocol runs, with the lowest energy rotamer conformations
saved for each unique sequence. Then, all the sequences were aligned, and the results were compiled to
form a logo sequence. For each designed position, the overall height of the stack indicates the sequence
conservation at that position, while the height of symbols within the stack indicates the relative
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frequency of each amino or nucleic acid at that position. The sequence with the most conserved amino
acid at each designed position were retrieved and pushed through a molecular dynamics simulation.

4.3. Molecular Dynamics Simulations

4.3.1. MD Methods

All the simulations were performed using the molecular dynamics program AMBER [41] using
the Amber ff14SB force field for proteins, and the TIP3P model for all the water molecules in the
system. The force field parameters for FMNH2 and HMX were provided by the General Amber Force
Field (GAFF) [45]. Simulations were performed with the ligand bound to the protein with a cap
comprising two layers of water molecules (TIP3PBOX) surrounding the complex within a distance up
to 10 Å. The simulations systems were kept under isothermal/isobaric (NPT) conditions except for the
heating phase.

Energy minimization was performed to obtain a low energy starting conformation for the
subsequent MD simulation. The solvated complexes were minimized for a total of 5000 cycles,
using the steepest descent method for 2500 cycles, followed by 2500 cycles of conjugate gradient.
Then, a 1ns heating phase was performed from 0 to 300K at constant pressure and temperature.
The equilibration/production was performed for 100 ns. Finally, the sampling phase was carried out at
300K for 30 ns. The time step of the simulations was 0.002 ps. Each MD simulation was performed
in triplicate.

4.3.2. Trajectory Analysis

The VMD software [46] was used to visualize trajectories generated during the simulation. Root
Mean Square Deviation (RMSD) was used to determine structure stability. RMSDs were calculated for
every simulation.

4.3.3. Binding Free Energy Calculation

An ensemble average molecular mechanics energies combined with the generalized born and
surface area continuum solvation (MM/GBSA) binding free-energy calculation was performed on the
snapshots from the MD simulation to compare the binding affinity of HMX for the mutant and the
WT NR. A total number of 200 snapshots were taken from the last 4 ns of the MD trajectory with an
interval of 20 ps (only for all the trials where the ligand was successfully kept within the active state).
The calculations were rendered by the MMPBSA.py [47] module of AMBER14. The MMGBSA method
can be conceptually summarized as

∆GMM/GBSA = Gcomplex − Greceptor − Gligand= ∆EMM + ∆GGB + ∆GNP − T∆S

where ∆EMM is the molecular mechanics interaction energy between the protein and the inhibitor,
∆GGB and ∆GNP are the electrostatic and nonpolar contributions to desolvation upon inhibitor binding,
respectively, and –T∆S is the conformational entropy change.

4.4. Docking Studies

Docking studies were performed with the MOE software. The last frame of the MD simulation
involving the mutant NR complexed with HMX was extracted as .pdb. HMX, water molecules and
ions were removed. The NADPH 3D conformer was downloaded from PubChem (PubChem CID:5884)
and minimized in MOE using the AMBER14ff. A collection of poses was then generated from the pool
of ligand conformations using one of the Triangle matcher placement methods. A total of 150 poses
were generated. Each of the generated pose was attributed a London dG score. Poses generated
by the placement methodology were then refined using the induced fit refinement scoring function
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GBVI/WSA dG with the generalized born solvation model (GBVI). Twenty-five top scoring poses were
sorted out. The top five scores were then evaluated.

5. Conclusions

Explosives contamination has become a major environmental issue during the past few years.
The pollution with energetic material started with WWII and is still going on, due to manufacturing
industries, conflicts, military operations, armed forces training activities, dumping of munitions, etc.
Different strategies have been studied to remediate contaminated sites: burning, bursting, or chemical
destruction. However, such methods are either costly or environmentally damaging. Bioremediation
has recently emerged as an alternative way to detoxify soils from HEMs by using bacteria or plant
metabolic pathways. Still, the rate of detoxification is highly variable from one HEM to another.
The high energy molecules HMX is particularly problematic, as its solubility in water is lower than the
one of other HEMs like TNT or RDX. Degradation of HMX by bacteria has been observed for a few
strains: Methylobacterium, K. pneumonia, C. Bifermentans, and Phanerchaete chrysosporium. However, the
degradation of the molecule is either incomplete, questioning the toxicity of these intermediates of
degradation or occurs at meager rates.

To overcome these limitations, we rationally designed an enzyme known for its ability to reduce a
broad range of nitro substituted compounds—the NR from Enterobacter cloacae. From structural data,
we redesigned the active site specifically around HMX with the coupled moves algorithm of Rosetta.
The mutated NR was then studied through MD simulations. Stability and affinity were calculated.
HMX fits the designed active site in a better way than in the WT NR. The molecule makes more
H-bonds, stabilizing the molecule, and exposing its nitro groups at a distance allowing for a hydride
transfer from the FMNH2 cofactor. The distance remains acceptable for hydride transfer, and thus for
the nitro reduction all along the 130 ns of the dynamics. Even if HMX is mobile in the active site, one
of its eight oxygen atoms always remains close enough to the reductive N5 of the flavin to allow the
hydride transfer. These results are encouraging, but further investigations need to be done. The basic
functionality of the protein has to remain intact. Also, the total reduction reaction implies numerous
HMX derivatives. Each of them has to be tested to check how far the reaction could go. Finally, it
would be interesting to perform hydride quantum mechanics/molecular mechanics (QM/MM) studies
to validate the reaction on an extended atomistic level.

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/22/
5556/s1.

Author Contributions: Investigation S.A.; methodology S.A., R.T.; supervision R.T.; writing original S.A.;
writing_review and editing S.A., R.T.

Funding: This research received no external funding.

Acknowledgments: The authors would like to thank Dr. Simon Megy for his careful review of the manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

18



Int. J. Mol. Sci. 2019, 20, 5556

Abbreviations

HEM high energy molecule
WWII world war II
NAD(P) oxidized form of nicotinamide adenine dinucleotide phosphate
NAD(P)H reduced form of nicotinamide adenine dinucleotide phosphate
NR nitroreductase
FMN oxidized form of flavin mononucleotide
FMNH2 reduced form of flavin mononucleotide
TNT 2,4,6-TriNitroToluene
RDX hexahydro-1,3,5-trinitro-1,3,5-triazine
HMX octahydro-1,3,5,7-tetranitro- 1,3,5,7-tetrazocine
p-NBA acid para nitro benzoic
NAAD nicotinic acid adenine dinucleotide
MD molecular dynamics

MMGBSA
molecular mechanics energies combined with the generalized born and
surface area continuum solvation

QM/MM quantum-mechanics/molecular-mechanics
RMSD root-mean-square deviation
WT wild type
DEE dead end elimination
ALLAA All amino acids
PDB Protein data bank
MOE molecular operating environment
AMBER Assisted Model Building with Energy Refinement
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Abstract: The major cat allergen Fel d 1 is a tetrameric glycoprotein of the secretoglobin superfamily.
Structural aspects and allergenic properties of this protein have been investigated, but its physiological
function remains unclear. Fel d 1 is assumed to bind lipids and steroids like the mouse
androgen-binding protein, which is involved in chemical communication, either as a semiochemical
carrier or a semiochemical itself. This study focused on the binding activity of a recombinant model
of Fel d 1 (rFel d 1) towards semiochemical analogs, i.e., fatty acids and steroids, using both in
silico calculations and fluorescence measurements. In silico analyses were first adopted to model
the interactions of potential ligands, which were then tested in binding assays using the fluorescent
reporter N-phenyl-1-naphthylamine. Good ligands were fatty acids, such as the lauric, oleic, linoleic,
and myristic fatty acids, as well as steroids like androstenone, pregnenolone, and progesterone,
that were predicted by in silico molecular models to bind into the central and surface cavities of
rFel d 1, respectively. The lowest dissociation constants were shown by lauric acid (2.6 µM) and
androstenone (2.4 µM). The specific affinity of rFel d 1 to semiochemicals supports a function of
the protein in cat’s chemical communication, and highlights a putative role of secretoglobins in
protein semiochemistry.

Keywords: secretoglobin; odorant-binding protein; chemical communication; pheromone;
N-phenyl-1-naphthylamine; in silico docking; molecular modeling; protein–ligand interactions;
2D interaction maps; ligand-binding assays

1. Introduction

The major cat allergen Fel d 1 is a secreted globular protein belonging to the family of secretoglobins.
It is produced in large amounts in various anatomical areas of cats, such as the salivary, lacrimal,
and sebaceous glands from the facial area, skin, and anal sacs [1–4]. The secretion of Fel d 1 is under
androgen control [5]. Fel d 1 is a 35–38 kDa tetrameric glycoprotein composed of two heterodimers with
a dimerization interface. Each heterodimer consists of two polypeptide chains encoded by independent
genes and linked by three disulfide bridges. Chain 1 is made of 70 residues, and chain 2 of 90 or 92
residues [4,6,7]. Chain 2 contains an N-linked oligosaccharide composed of triantennary glycans [8].
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Structural and immunological Fel d 1 polymorphisms have long been described in samples from
various origins [8–10]. Fel d 1 is a resistant protein easily airborne that is abundantly found in different
indoor environments [11,12]. Despite its high abundance and the serious health issues associated with
this protein, the biological function of Fel d 1 remains unclear [4].

For other members of the secretoglobin family, different biological roles have been suggested,
mainly related to immunoregulation [13–16], but also in chemical signaling [17–19]. Also for Fel
d 1, a role in intra-species chemical communication has been proposed based on the fact that the
protein is produced in the same areas known to release the cat semiochemicals, including the facial
area, the podial complex, and the perianal zone, which contain glands that secrete chemical cues
involved in cat territorial marking and/or social communication [20,21]. Besides, Fel d 1 immunological
features have been linked to cat sex and behavior [22]. From a structural perspective, Fel d 1
also displays interesting features regarding ligand binding capabilities due to the presence of two
internal cavities [23]. Structural similarities between Fel d 1 and another secretoglobin involved in
mice mate selection and communication, the mouse salivary androgen-binding protein (ABP) [18],
have been previously described [24,25]. Binding of some steroids to members of the secretoglobin
family was previously reported, involving interactions with their central hydrophobic cavity [19,23,26].
In particular, a recent paper extensively describes the evolutionary divergence, functional sites,
and surface structural resemblance between Fel d 1 and ABP, suggesting that the first protein could be
involved in semiochemical transport/processing in intra-species communication [25]. However, so far,
no experimental evidence has been provided on the capability of Fel d 1 to bind semiochemicals.

Production of recombinant Fel d 1 (rFel d 1) has been challenging in the past since the two chains
are encoded by two different genes, and attempts to refold them in a correct (i.e., with retained disulfide
formations) and stable way failed [4,27]. Hence, some authors proposed a rFel d 1 construct made of
chain 1 linked to chain 2 via a flexible peptide linker of the (GGGGS)n type [28], which minimizes
the steric hindrance between the two fusion partners, since the small size of these amino acids
provides flexibility, and allows for mobility of the connecting functional domains [29]. The rFel d 1
displayed similar biological and structural properties (notably the disulfide pairing) to its natural
counterparts [8,28].

In the current study, we have investigated the binding properties of this recombinant form of Fel
d 1 produced in a Pichia pastoris clone with the N-glycosylation site N103 mutated and commercially
available (INDOOR Biotechnologies) [30]. As a first step to verify the hypothesis of a role of Fel d
1 in chemical communication, we focused on putative ligands that had already been described as
semiochemicals in the domestic cat [21,31], i.e., some fatty acids and their derivatives found in the
composition of the feline facial pheromone F3 and the maternal cat appeasing pheromone. The feline
facial pheromone F3 has been shown to promote calmness and reduce stress with its related undesirable
consequences in cats, such as urine spraying and marking behavior [32–35]. The maternal cat appeasing
pheromone has been shown to have appeasing effects and to facilitate social interactions in cats [36,37].
We have also tested some steroids since several secretoglobins have been experimentally shown to
bind steroid hormones, including pig pheromaxein, rabbit uteroglobin, mouse salivary ABP, and rat
prostatein [19,38–40]. To determine the affinity of these putative ligands and structurally characterize
their interactions with rFel d 1, we used a double approach combining in silico analysis (molecular
docking) with in vitro fluorescence binding assays.

2. Results

2.1. In Silico Molecular Docking of Fel d 1 with Putative Ligands

As a first approach to evaluate the binding properties of rFel d 1, we performed docking simulations
of flexible ligands into the binding pocket of a rigid binding protein, represented as a grid box [41].
The collected data are reported in Table 1.
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Among the 15 fatty acids tested with rFel d 1, lauric, myristic, oleic, and linoleic acids were the best
ligands based on their H-bond interactions, docking energy values, and binding frequency. In particular,
lauric acid showed the highest frequency of binding with a free energy of −5.84 kcal/mol. The same
compound also exhibited the lowest total intermolecular energy of −8.58 kcal/mol. Myristic, linoleic,
and oleic acids were moderate ligands with free binding energies of −3.35, −2.95, and −2.82 kcal/mol,
respectively. Furthermore, we observed non-bonded interactions (van der Waals and electrostatic),
and pi-interactions with all the fatty acids tested.

The second series of chemicals tested includes several steroids. Among these, androstenone
showed the maximum frequency of binding as well as the best free binding energy (−5.84 kcal/mol)
with one H-bond interaction (S138) in rFel d 1. The behavior of androstenedione was very similar,
with a binding energy of −5.83 kcal/mol, but this ligand exhibited a lower frequency of binding without
H-bond interaction. On the other hand, progesterone and pregnenolone showed approximately 60% of
the binding frequency, with binding energies comparable to those of androstenone and androstenedione.
Pregnenolone and progesterone exhibited similar H-bond interactions (Thr76) but different from those
of androstenone (S138). Furthermore, Tyr81 and Phe85 were often present as alkyl/pi-alkyl interactions
in the steroid compounds.

Finally, our docking simulation predicted high binding activity of the fluorescent probe
N-phenyl-1-naphthylamine (1-NPN) in the same range as those for fatty acids and steroids. Specifically,
this compound has two potential binding localizations, i.e., in the central and in the surface binding
cavities of rFel d 1. Conversely, some fatty acids and structurally related compounds (long-chain
alcohols, aldehydes, ester, and amides), as well as few steroids, did not qualify as good ligands in
docking simulations and fluorescent probe displacement (Table 1).

Overall, in silico screening indicated as the best potential ligands for the protein some fatty acids
and steroids, which were further tested in fluorescence competitive binding assays.

2.2. Fluorescence Binding Studies

The rFel d 1 binds the fluorescent probe 1-NPN, producing a blueshift in the emission spectrum.
Similarly to odorant-binding proteins (OBPs) and chemosensory proteins (CSPs) [42], the emission
maximum occurs at 407 nm and is accompanied by a strong increase in fluorescence intensity. Figure 1
reports the actual emission spectra obtained with a rFel d 1 concentration of 1 µM and the relative
binding curve obtained after processing the data with the GraphPad Software, Inc., giving a dissociation
constant of 5.8 µM. Scatchard analysis confirmed the presence of a single binding site on the protein
without any cooperativity effect and yielded a dissociation constant K1-NPN value of 4.8 µM. We also
tested other fluorescent probes (2-NPN, 1-AMA (1-aminoanthracene), 1,8-ANS (8-anilinonaphtalene
sulfonic acid), but none proved to perform better than 1-NPN (data not shown).
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representative emission curves experimentally obtained. No significant fluorescence emission was
recorded in the same conditions with the protein alone (not shown). (b) The saturation binding curve
obtained from the average of three experiments. Data were analyzed with GraphPad software and gave
a value of 5.8 µM for the binding constant (SD 0.62). The relative Scatchard plot (inset) shows a linear
behavior, apparently indicating the presence of a single binding site without cooperativity effects.

Among the 28 putative ligands, 5 fatty acids and 9 steroids were predicted to possibly interact
with rFel d 1 based on the initial 1-NPN displacement screening (Table 1). These compounds were
therefore tested in competitive binding experiments with 1-NPN and their displacement curves are
reported in Figure 2. Table 2 lists the IC50 values for the best ligands, together with their dissociation
constants. These were calculated using the value for 1-NPN (KD 5.8 µM; SD 0.62), obtained with
GraphPad software, more reliable than that evaluated from the Scatchard plot. Among the fatty acids,
lauric acid exhibited the best affinity to rFel d 1 (Kd = 2.6 µM), while oleic, linoleic, and myristic acids
displayed only moderate to low affinities, and palmitic acid proved to be the weakest ligand. Among
the steroids, the strongest ligand was androstenone (Kd = 2.4 µM), followed by progesterone and
pregnenolone. These results are in agreement with the in silico docking predictions.
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Figure 2. Competitive binding of selected fatty acids (a) and steroids (b) to rFel d 1. Fluorescence
emission spectra were recorded at 25 ◦C in the presence of 1 µM of rFel d 1 and 2 µM of 1-NPN;
excitation and emission wavelengths were 337 and 407 nm, respectively. Fluorescence of probe-protein
complexes in the absence of a competitor was normalized to 100%.

Table 2. Affinities of different ligands to rFel d 1, evaluated in competitive binding assays.

Ligand (IC50) (µM) Kd (µM)

Lauric acid 3.3 2.6
Oleic acid 10.0 7.7

Linoleic acid 10.1 7.8
Myristic acid 14.4 11.1

Androstenone 3.1 2.4
Pregnenolone 13.1 10.1
Progesterone 13.6 10.5

2.3. Visualization of Molecular Interactions

To visualize the possible binding modes of the best ligands to rFel d 1, molecular models and
2D molecular interaction maps were built and are shown in Figure 3. Lauric acid is predicted to bind
in the central hydrophobic cavity of Fel d 1, where the strongest H-bond interaction occurs between

28
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the phenolic hydrogen of Tyr119 and the oxygen of lauric acid (Figure 3a). Androstenone, instead,
is predicted to bind on the surface binding cavity of Fel d 1 and shows an H-bond between the Ser138
OH and the carbonyl group of the ligand (Figure 3b).
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Figure 3. Molecular residue interactions of Fel d 1 with the best ligands, lauric acid (a) and androstenone
(b). The interactions are shown in molecular ligand binding view (surface mesh) with a 2D-interaction
map of the selective best-fitting ligands to the central and surface binding cavities of Fel d 1. The 2D
map reports H-bond interactions in green color and hydrophobic interactions (van der Waals and
alkyl/pi-alkyl) in pink color. All the amino acid residue interactions within 4 Å from the ligand
are shown.

3. Discussion

On the basis of ligand-binding experiments, using the displacement of a fluorescent probe, and in
silico docking simulations, we have shown that a recombinant form of Fel d 1 binds with good affinities
some fatty acids and steroids, the best ligands being lauric acid and androstenone (Kd = 2.6 and 2.4 µM,
respectively). Lauric acid is a component of the mixture of fatty acids described as the cat appeasing
pheromone having effects on cats’ social interactions [36,37], together with oleic, linoleic, and myristic
acids, which also showed some affinity to rFel d 1. Androstenone is a volatile steroid pheromone found
in high concentrations in the saliva of male pigs and triggers attraction/standing responses in estrous
females [43]. Interestingly, some authors have also characterized the binding of isoforms from both
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native and recombinant pig OBP to fatty acids with appeasing effects and some steroids, indicating
the biological relevance of these ligands in chemical communication [44,45]. Although the data here
presented were obtained with a recombinant form of Fel d 1, they still support a role of this protein
in the cat’s chemical communication, probably as a semiochemicals carrier, similar in its function to
OBPs [46].

From a structural perspective, molecular docking suggests that, among good ligands, fatty acids,
except for linoleic acid, bind in the internal/central cavity of rFel d 1, while steroids bind in the cavity at
the surface of the protein. 1-NPN, however, is predicted to fit into both cavities. This last observation
could explain how both fatty acids and steroids can displace the fluorescent probe. The same fact
might also account for the observation that lauric acid and androstenone, the two best ligands, fail to
completely quench 1-NPN fluorescence, showing asymptotic behavior at concentrations much higher
than zero. The same phenomenon might occur with other ligands but would not be clearly visible
due to their much lower affinities. The presence of two binding sites for 1-NPN might contrast with
the linear Scatchard plot. However, if the two sites present similar affinities for 1-NPN and there
is no cooperativity effect, the Scatchard analysis would still produce a linear behavior. Incidentally,
it is worth noting that, to the best of our knowledge, this is the first report of using a hydrophobic
fluorescent probe (1-NPN) to monitor the binding activity of a secretoglobin family member. This
probe, therefore, represents a useful tool for monitoring ligand binding properties with other proteins
of the family and investigating their putative involvement in chemical signaling [47].

Looking more closely at the residual interactions, the in silico predictions revealed that fatty acids
would mainly interact with the hydrophobic residues Val10, Phe13, Leu14, Tyr21, Phe80, Phe84, Val87,
Met112, Tyr119, Asp130, and Met134. In the same way, the amino acids Glu75, Thr76, Pro78, Tyr81,
Asp82, Phe85, Gly131, Thr135, and Ser138 (all corresponding to only chain 2 residues of the natural Fel
d 1 [48]) displayed predicted hydrophobic interactions with the steroids. The present results are in
agreement with the few steroid interactions previously described in Fel d 1 [23]. In particular, Tyr21
was previously reported to be highly conserved in several secretoglobins [25] and possibly involved in
ligand binding [49,50]. Phe6 was also predicted to interact with ligands [50]. These previous reports
suggested that both these amino acids could be important for a function of the protein in chemical
communication. Likewise, in the present study, we predicted that Tyr21, Phe84, and Tyr119 could
interact with fatty acids, while Tyr81 and Phe85 could interact with steroids.

A limitation of the in silico study is that we used the docking protocol, which is a static or
quasi-static method, to obtain the structure of the various Fel d 1-ligand complexes. Using a scoring
function that is meant to reproduce the binding affinity in terms of free binding energy, these structures
are ranked to reveal the best-fit ligands in a way comparable to the rank based on experimental data [51].
Although the molecular docking free energy differences estimations are fast, simple, and useful for
the screening of ligands, they are not the most precise ones (compared to the free binding energies
determined by molecular dynamics simulations for instance) due to the absence of mobility or the
absence of an explicit solvation of the system [51]. Nevertheless, here, we also considered other
computational factors like binding frequencies and residue interactions before concluding about the
results of the in silico screening displayed in Table 1. Moreover, these results were further confirmed
by in vitro experiments.

A limitation of the in vitro study is that we used a recombinant model of the native Fel d 1, in which
a peptide segment was introduced as a linker between the two subunits in the place of disulfide bridges.
However, the recombinant and native Fel d 1 secondary structures were found to be similar based on
circular dichroism [52]. Most importantly, the disulfide pairing of recombinant Fel d 1 corresponds
with that of the native Fel d 1 [8,52]. Therefore, the peptide link in rFel d 1 seems not to introduce major
differences in the overall folding of the protein. Whereas the overall structures of native Fel d 1 and of
its recombinant are reasonably similar, differences in the flexibility and residual conformations can still
exist. Even minor changes may affect the binding activity of a protein: for instance, several authors have
shown that post-translational modifications, such as phosphorylation and O-glycosylation, influence
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the binding profiles of pig OBP isoforms, and phosphorylation can even enhance the binding affinities
for some compounds in native OBPs compared to their recombinant counterparts [45,53,54]. It was also
hypothesized that the glycosylation pattern of Fel d 1 might affect its structural features, notably by
reducing its cavity size, thus possibly altering/modulating its ligand-binding properties [23]. Therefore,
we cannot exclude that differences between natural and recombinant forms of Fel d 1 may affect the
binding properties of the protein. Confirming our results with the native Fel d 1 would be necessary to
definitely assess its putative function as semiochemical carrier.

The proteins that participate in chemical communication have complex roles, such as solubilizing,
transporting, serving as reservoirs, assisting in the controlled release of semiochemicals, or even acting
themselves as chemical messages (e.g., MUPs) [55,56]. The binding and controlled release of volatile
chemical cues via proteins are of particular interest for Felidae, which are mostly solitary carnivores
and use scent marks to delimit their territories of variable sizes according to ecological resources [57].
Domestic cats vary greatly in spatial organization, from being solitary in well-dispersed populations
at densities of a single individual per square km or lower to living in highly populated groups [58].
Whatever the cats’ social organization is, chemical communication mediated by scent marks is essential
to assess social and territorial relationships [59]. The chemical composition of the marks can also
provide physiological information in some cases, such as sex or sexual status [60]. Interestingly, other
Felidae species also secrete proteins similar to Fel d 1 [61], which might as well have the function of
extending the persistence of chemical cues in their environment. Because territory marking involves
high energy costs [62], it is important to keep the chemical message as long as possible in general and
specifically for Felidae [63].

In mammals, OBPs, sometimes referred to as pheromone-binding proteins (PBPs), are the main
proteins that have been reported to mediate chemical communication. These proteins belong to
the large family of lipocalins and bind semiochemicals and odorants representing various chemical
classes [46,64]. The cat lipocalin Fel d 4 was shown to be involved in chemical communication as
a kairomone by eliciting defensive behavior in mice [65]. The structure of secretoglobins (α-helix
bundles assembled in a boomerang configuration, creating a central hydrophobic pocket), to which Fel
d 1 belongs, is completely different from that of lipocalins (barrel of β-strands with a central apolar
cavity) [64,66]. However, the binding data collected with a structural model of Fel d 1 suggest that
a function of semiochemical carrier could be considered also for secretoglobins. More experimental
evidence is needed, such as studying the expression of Fel d 1 in cat chemosensory organs, confirming
its binding activity with the native protein, and perhaps identifying its natural ligands. We hope that
our work can stimulate more research in the field of secretoglobins and confirm their putative role in
mammalian chemical communication.

Unveiling the ligand-binding properties of Fel d 1 towards semiochemical compounds supports
a function of this protein as a semiochemical carrier. As Fel d 1 is one of the most important
aeroallergens [4], it is possible that lipid binding might also affect the allergenicity of this protein.
Indeed, some authors have shown that another version of recombinant Fel d 1 was able to bind
lipopolysaccharides (LPS), enhance lipid cellular signaling through Toll-like receptors, and potentiate
the production of the pro-inflammatory cytokine TNF-α (Tumor Necrosis Factor-α), which could
eventually influence the allergic sensitization process [67]. In this respect, ligand binding characteristics
of Fel d 1 might help to understand the allergenic effects of the protein itself compared to that of
its complexes with ligands [68]. Besides, the binding of a ligand to Fel d 1 might affect the allergen
recognition by Immunoglobulin E (IgE) if the epitopes are altered through B-cell epitope conformational
changes induced by the ligand or if the amino acid residues involved in IgE binding are obscured in
the ligand-protein complex. Then, elucidating the ligand binding properties of Fel d 1 might provide
valuable insights into this putative phenomenon of ligand-induced epitope masking. Along the same
line, several approaches aiming at decreasing or controlling the cat production of immunologically
active Fel d 1 have recently been investigated in order to alleviate the symptoms suffered by allergic
cat owners [69]. In particular, the use of a diet supplemented with anti-Fel d 1 avian IgY [70] or the
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immunization of cats with a modified form of recombinant Fel d 1 to stimulate the production of
neutralizing antibodies [71] have been proposed. However, as the results of this study suggest that
Fel d 1 could play an important role in the cat’s chemical communication, our opinion is that any
attempt to alter the production of Fel d 1 should consider possible consequences that might affect the
cat’s biology.

4. Materials and Methods

4.1. System Configuration

All the computational analyses were carried out in a high-performance GPU workstation with
Cent OS V.7.6 Linux and the Windows OS. The hardware specifications of the workstation (Model:
LVX-1 × RTX-2080Ti) include a powerful Intel Core i9-9920X processor with 1GPU Nvidia RTX-2080Ti,
32GB RAM, running with a superfast boot-home 1 ×M2-1TB NVME SSD and 2 × 8TB independent
hard disks. The workstation has passed all the validation tests by the Linuxvixion GPU certified system.

4.2. Collection and Structure Conversion of Ligands

Molecular structures of the 28 putative ligands (15 fatty acids and their derivatives (FA) and 13
steroids) and N-phenyl-1-naphthylamine (1-NPN) (fluorescent probe) were collected from PubChem
(https://pubchem.ncbi.nlm.nih.gov/). All the 2D structures of the ligands were converted into the
corresponding three-dimensional (3D) coordinates (sdf to mol2 format) using OpenBabelGUI tools
V.2.3.1 (http://openbabel.org). The selected compounds were used to obtain a drug-likeness score from
the Lipinski rule of five (RO5) webserver (http://www.scfbio-iitd.res.in/software/drugdesign/lipinski.
jsp) [72].

4.3. Physio-Chemical Properties Analysis

The physico-chemical properties of all putative ligands and 1-NPN were collected from various
chemical databases such as PubChem and ChemSpider. The compound properties were classified
as the chemical formula, molecular weight, H-bond donor, acceptor, topological polar surface area,
and RO5 (Table 3).

4.4. Molecular Docking Analysis

4.4.1. Ligand Optimization

The retrieved molecular structures of the putative ligands and 1-NPN (.mol) were energy
minimized using the geometry optimization method (MMFF94 force field) with pH 7.0. The Gasteiger
partial charge was added to the ligand atoms and the MMFF94 energies were found to differ between
all the compounds. All the nonpolar atoms were merged, and rotatable bonds were defined.

4.4.2. Protein Grid Parameters

The 3D crystal structure of rFel d 1 (PDB ID: 2EJN) was retrieved from the Protein Data Bank (PDB)
(https://www.rcsb.org/). The protein dimer and ligand dataset were uploaded to the DockingServer
(https://www.dockingserver.com; Virtua Drug, Hungary), a web-based interface module consisting
of Gasteiger and PM6 semiempirical quantum-mechanical partial charge calculations to enhance the
accuracy of docking output utilizing the AutoDock 4 method [73]. The essential hydrogen atoms,
Kollman united atom-type charges, and solvation parameters were added to the 3D structure of rFel d
1. The Gasteiger charge calculation method was selected for the protein clean step. The 3D dimensional
grid box was constructed for permitting ligands to interact in the binding sites of Fel d 1. The affinity
grid parameters (nx = 23; ny = 23; nz = 23 and cx = −0.48; cy = 0.81; cz = 0.22) and 0.375 Å spacing were
generated using the Autogrid program [74]. The total Gasteiger charge of rFel d 1 was −6.959 kcal/mol.
After completion of this step, the rFel d 1 structure was prepared for the docking simulation analysis.
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4.4.3. Semi-Empirical Calculations

The docking simulation was performed using the Lamarckian genetic algorithm (LGA) and
the Solis and Wets local search method to determine the optimum complex [75] in the AutoDock
method. The AutoDock parameter set- and distance-dependent dielectric functions were used in the
calculation of the van der Waals and the electrostatic terms, respectively. The initial position, orientation,
and torsion of the ligand molecules were set randomly, and all rotatable torsions were released during
docking. Each docking calculation was derived from 100 runs, which were set to terminate after a
maximum of 2,500,000 energy calculations (540,000 for a generation with a population size of 150).
A translational step of 0.2 Å, quaternion, and torsion steps of five were employed as parameters for the
docking analyses. The AutoDock algorithms calculate the free binding energy to assess the orientation
of a ligand binding pose to a protein while forming a stable complex. The protein–ligand complex was
analyzed, and the molecular interaction poses of each compound were selected for the ranking of the
best-fit ligands according to the docking score with several docking parameters. The estimation of the
binding free energy was selected from the best- docked conformation of the protein–ligand complex
using docking simulation.

4.4.4. Molecular Visualization

The protein–ligand interactions were visualized using Discovery studio visualizer DSV 4.5
(Accelrys, San Diego, CA, USA), USCF Chimera (https://www.cgl.ucsf.edu/chimera/) and the LigPlot
V.4.5.3 program. The evaluation of semi-empirical docking values was computed regarding the score
of lowest binding energy, hydrogen bonding (H-bonding), and polar and steric interactions.

4.5. Fluorescence Measurement and Binding Assays

N-Phenyl-1-naphthylamine (1-NPN) was used as a non-polar fluorescent probe in competitive
binding experiments with the ligands (Sigma, France) to investigate binding efficiency of semiochemical
analogs with pure rFel d 1 (INDOOR Biotechnologies, UK) [30]. The fluorescence experiments were
performed on an FP-750 spectrofluorometer (JASCO, Japan) instrument at 25 ◦C in a right-angle
configuration with a 1 cm light path fluorimeter quartz cuvette and 5-nm slits for both excitation and
emission. The probe 1-NPN was excited at 337 nm and emission spectra were recorded between 380
and 450 nm, at 25 ◦C. The protein was dissolved in 50 mM Tris-HCl, pH 7.4, and ligands were added
as 1 mM methanol solutions.

The rFel d 1 intrinsic fluorescence was expected to be negligible since no tryptophan is present in
the sequences of both Fel d 1 chains [48], yet it was verified. The binding of 1-NPN to rFel d 1 was
tested at two protein concentrations (1 µM and 2 µM) by titrating the protein solution with aliquots
of a 1-mM solution of 1-NPN in methanol to final concentrations of 1–20 µM. The bound ligand was
evaluated from the values of fluorescence intensity assuming that the protein was 100% active, with a
stoichiometry of 1:1 protein: ligand. Dose–responses curves were performed in triplicate and linearized
using Scatchard plots to calculate the 1-NPN dissociation constant (Kd 1-NPN).

Semiochemicals were first screened for their capabilities to bind rFel d 1 using 1 µM of rFel d 1,
1 µM of 1-NPN, and 2 µM of a competitive ligand. Active compounds were then used to measure
their affinity to the protein, using a concentration range of 0–16 µM. The dissociation constants of
the competitor ligands (Kd) were calculated from the respective IC50 values (IC50: competitor’s
concentration halving the initial fluorescence), using the equation:

Kd = [IC50]/(1 + [1 − NPN]/K1 − NPN)

where [1-NPN] is the free concentration of 1-NPN and K1-NPN is the dissociation constant of the
complex rFel d 1/1-NPN. IC50 was graphically determined from the dose–response curve of each
competitor ligand.
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Abstract: (1) Background: The folate receptor (FR) is a target for cancer treatment and detection.
Expression of the FR is restricted in normal cells but overexpressed in many types of tumors. Folate
was conjugated with peptides for enhancing binding affinity to the FR. (2) Materials and Methods:
For conjugation, folate was coupled with propargyl or dibenzocyclooctyne, and 4-azidophenylalanine
was introduced in peptides for “click” reactions. We measured binding kinetics including the rate
constants of association (ka) and dissociation (kd) of folate-peptide conjugates with purified FR by
biolayer interferometry. After optimization of the conditions for the click reaction, we successfully
conjugated folate with designed peptides. (3) Results: The binding affinity, indicated by the equilibrium
dissociation constant (KD), of folate toward the FR was enhanced by peptide conjugation. The enhanced
FR binding affinity by peptide conjugation is a result of an increase in the number of interaction sites.
(4) Conclusion: Such peptide-ligand conjugates will be important in the design of ligands with higher
affinity. These high affinity ligands can be useful for targeted drug delivery system.

Keywords: folate; folate receptor; peptide conjugation; click reaction; biolayer interferometry

1. Introduction

Traditional cancer therapy involves removal of tumor cells by surgery, radiation and non-selective
types of chemotherapy [1,2]. Surgery and radiation are often effective with tumors that are primary
or localized and have not metastasized to multiple sites throughout the body [3]. Chemotherapy is
effective in the treatment of metastatic cancers because typical chemotherapeutic agents focus on rapidly
growing tissues, which is a property common to cancer cells. Nonetheless, chemotherapy also often
has a high incidence of unwanted and damaging side effects in normal tissues because these tissues
are also undergoing growth [4,5]. Therefore, monoclonal antibodies against cellular targets that are
unique to cancer cells have been developed [4,6], and antibody-drug conjugates (ADCs) have also
been developed [6]. Targeted treatments exert their anticancer effects through multiple mechanisms,
including proliferation inhibition [6], apoptosis induction [7], metastasis suppression [8], immune
function regulation [9] and multidrug resistance reversal [5,10]. A few ADCs have been used successfully
in clinical trials [5,10,11]. However, there are several points to consider when using an antibody as
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a drug-transporter that targets tumors. Limitations owing to poor therapeutic efficacy of ADCs include:
(i) manufacturing procedures that create heterogeneous mixtures of ADCs with a number of drug
molecules conjugated inconsistently; (ii) the synthesis costs are extremely high with difficulties in quality
control; and (iii) the larger size of ADCs hampers penetration of ADCs into tumor tissue [12]. Small
molecules or peptides are potential therapeutic molecules that overcome these problems [2]. In contrast to
antibodies, these agents provide advantages such as reduced immunogenicity, quick clearance, increased
diffusion and tissue penetration, chemical stability and ease of synthesis [2,6].

Due to the remarkable expression of the folate receptor (FR) on the surface of tumor cells, the FR
can be exploited as a cancer diagnostic and therapeutic target [13]. Folate is an intrinsic ligand of the FR,
consisting of a pterin ring, a central p-amino benzoic acid and an L-glutamic acid tail [4,14,15], and has
been conjugated with anti-cancer drugs [4,16] and drug carriers [17–23] for targeted delivery of drugs to
tumor cells. For example, a peptide that binds to the α isoform of the FR, which is a subtype of FRs, was
selected by phage display; however, the affinity of this peptide was low when compared with that of
folate [24].

In this report, we conjugate folate with peptides to enhance binding affinity toward the FR.
Previously, Li and Roberts [25] prepared a penicillin-peptide conjugate that has at least 100-fold higher
activity than penicillin. Wang et al. introduced aminophenylalanine coupled with purvalanol into
peptides to enhance the inhibitory activity of purvalanol against kinases [26,27]. Peptide conjugation
should increase the affinity between the target protein and ligand by increasing the number of
interaction sites, as shown in Figure 1.
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Figure 1. Schematic showing how a peptide conjugated to a ligand (folate) enhances the affinity of the
ligand toward the target protein (folate receptor). The black arrowheads indicate molecular interactions.

For conjugation, we added propargyl or dibenzocyclooctyne (DBCO) to folate and 4-azidophenyalanine
(AzPhe) in the peptide for the “click” reaction, as shown in Figure 2, because it is possible to introduce
the azidophenyl groups into proteins by bio-orthogonal approaches [28,29]. The binding assay of the
synthesized folate-peptide conjugates with FR was performed by biolayer interferometry (BLI), and the
association rate constant (ka) and dissociation rate constant (kd) were determined. The study demonstrated
that the conjugation of folate with peptides enhanced the affinity of folate toward the FR.
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Figure 2. Schemes showing the synthesis of the folate-conjugated AzPhe-Fmoc. (A) The Cu(I)-catalyzed
alkyne-azide cycloaddition (CuAAC) click reaction between the propargyl group (green dotted circle)
and the azide group (cyan dotted circle) to conjugate folate via the triazole ring (red dotted circle). (B)
The strain-promoted alkyne-azide cycloaddition (SPAAC) click reaction between DBCO (green dotted
circle) and the azide group (cyan dotted circle) to conjugate folate via dibenzocyclooctyne triazole (red
dotted circle).

2. Results and Discussion

2.1. Folate-Phe Conjugation by Click Reactions

Two types of folate analogues were prepared by addition of the propargyl group (Figure 2A) and
DBCO (Figure 2B), and both were adjacent to the γ-carboxyl group of folate. The additions enabled
confirmation of the click reaction between folate analogues and AzPhe-Fmoc. Folate-propargyl was
used for the Cu(I)-catalyzed alkyne-azide cycloaddition (CuAAC) click reaction with AzPhe-Fmoc.
To promote the CuAAC reaction, Cu(I) stabilizing ligands such as Tris (2-benzimidazoylmethyl) amine
(BimH3) and microwaves were also employed at 50 ◦C. However, absorbance from the triazole ring on
the target compound was not detected under the conditions shown in Table 1.

Currently, some groups have reported success of the CuAAC reaction between folate-propargyl
and polymers containing an azido group [30–34]. However, their folate-propargyl conjugates were
a mixture of propargyl groups bound to the Cα and Cγ of the glutamic acid part of folate. The present
conjugate is the first example of a folate-propargyl with the propargyl group specifically linked to the
Cγ of folate. The results in Table 1 indicate that the Cγ-binding propargyl group shows low reactivity
in the CuAAC reaction. The other possibility is that coordination by the -N and -NH groups of the
folate-propargyl with Cu(I) interferes with alkyne-Cu(I) complexation.

In contrast, the strain-promoted azide-alkyne cycloaddition (SPAAC) “click” reaction between
folate-DBCO and AzPhe-Fmoc was successful (Table 1). The yield increased up to 88% by using
twice the molar ratio of folate-DBCO against AzPhe-Fmoc, and the reaction temperature did not affect
yields noticeably. Golas et al. [35] studied the substituent effect on azide reactivity in CuAAC using
various azide compounds with propargyl alcohol. The electronic properties and steric congestion
near end groups are major determinants for the reactivity of azide compounds. Azide with electron
withdrawing groups, such as ethyl azido-acetate, methyl 2-azidopropionate and azidoacetonitrile,
react faster than similar compounds with a neighboring aromatic ring (benzyl azide and 1-phenylethyl
azide). In addition, primary azides such as benzyl azide and ethyl azido-acetate react faster than their
secondary analogues, 1-phenylethyl azide and methyl 2-azidopropionate, respectively. In this case,
AzPhe is less reactive because the electron-withdrawing is affected by the aromatic ring. Nonetheless,
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AzPhe can be more reactive through SPAAC because DBCO enhances the reactivity by its resonant
structure [36].

Table 1. Reaction conditions of folate-propargyl or folate-DBCO with AzPhe-Fmoc.
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Folate-alkyne a Molar Ratio of
Folate-alkyne: Azide Reaction Conditions Yield (%) b

9 1:1
CuCl (0.1 mM), BimH3 (0.1 mM), Na

ascorbate (0.1 mM), 11% (v/v) DMSO + 89%
(v/v) H2O, room temperature (RT), 12 h

N.D.

9 1:1
CuCl (0.2 mM), BimH3 (0.1 mM), Na

ascorbate (0.2 mM), 11% (v/v) DMSO + 89%
(v/v) H2O, 50 ◦C, 10 h

N.D.

9 1:1
CuSO4 (0.1mM), BimH3 (0.1 mM), Na

ascorbate (0.6 mM), 11% (v/v) DMSO + 89%
(v/v) H2O, MW c, 1h

N.D.

16 1:1 10% (v/v) DMF + 10% (v/v) H2O + 80% (v/v)
MeOH, RT, 16 h 60

16 1:1 10% (v/v) DMF + 10% (v/v) H2O + 80% (v/v)
MeOH, 50 ◦C, 16 h 56

16 2:1 20% (v/v) DMF + 10% (v/v) H2O + 70% (v/v)
MeOH, RT, 16 h 88

a The number corresponds the compound number in Figure 6. b High performance liquid chromatography (HPLC)
yields; c Microwave conditions; N.D. Not detected.

2.2. Preparation of Folate-Peptide Conjugates by the SPAAC Click Reaction

Since folate-DBCO was demonstrated to conjugate efficiently to AzPhe by the SPAAC reaction,
the preparation of folate-peptide conjugates was performed by this reaction (Figure 3). Three peptide
sequences, GF[AzPhe]IQ, SE[AzPhe]KA and DSE[AzPhe]KAY, were synthesized. The folate-peptide
conjugates were designed by the program ICM-Pro (Molsoft L.L.C., San Diego, CA, USA). After
successful conjugation of folate with AzPhe by SPAAC, we considered the folate-conjugated AzPhe as
one unit and increased the length of the peptide by adding amino acids at N-terminal and C-terminal
of the AzPhe. This length was increased by trial and error procedure. The peptides were synthesized
by a conventional solid phase synthesis method. For BLI measurements, in which a biotin group
binds to streptavidin bound to coated sensor chips, the N-terminus of the peptides was modified with
biotin-(PEG24)-NHS. The coupling was performed before release from the solid phase synthesis resin
(Figure 3A) [37,38]. The polyethylene glycol (PEG) linker functions as a spacer between the immobilized
and interaction sites and as a solubilizer of the folate-peptide conjugates in aqueous solutions.

The same coupling reaction conditions were used for peptide conjugation. After the click reaction and
purification, each folate-peptide conjugate was identified by matrix assisted laser desorption/ionization-time
of flight mass spectrometry (MALDI-TOF MS). From the mass spectra, folate was confirmed to bind
successfully to the side chain of AzPhe in the peptides.
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Z= folate-conjugated AzPhe.  

Figure 3. Synthesis procedure for peptide conjugates. (A) N-terminal peptide modification with
biotin-PEG24 was achieved by reacting ester NHS (cyan dotted circle) and the NH2 group of the peptide
(black dotted circle).The black wavy line between resin and peptide indicated various peptide lengths.
(B) After the N-terminal modification with biotin-PEG24, the amide bond (red dotted circle) was formed.
Next, peptide was cleaved from resin (black dotted line). (C) The folate-DBCO-AzPhe containing
peptide was achieved by the SPAAC click reaction between DBCO (purple dotted circle) of the folate
and azide groups (green dotted circle) of the AzPhe in the peptide to form the folate-peptide conjugate
via the dibenzocyclooctyne triazole (blue dotted circle).

2.3. BLI Measurement

Table 2 and Figure 4 show the results of the BLI measurements to evaluate the affinities of the
folate-peptide conjugates toward folate receptor alpha (FRα).

Commercially available folate-PEG8-biotin was used as a control for BLI analysis. The equilibrium
dissociation constant (KD) between FRα and folate was 1.14 nM. Wibowo et al. [39] and Chen et al. [14]
used a radiolabeled ligand assay and isothermal calorimetry for measurement of the KD of folate
with FRα and yielded values of ~10 pM and ~190 pM, respectively. Combined with our results,
the differences in KD values indicate that the method used to measure the KD has a strong influence on
the outcome.

Table 2. BLI results for the binding affinity of folate and folate-peptide conjugates.

Ligands KD (nM) ka (M−1 s−1) kd (s−1)

Folate 1.14 6.74 × 106 7.69 × 10−3

GFZIQ 0.18 4.11 × 105 7.53 × 10−5

SEZKA 0.90 8.91 × 104 8.01 × 10−5

DSEZKAY 0.24 1.10 × 106 2.65 × 10−4

Z = folate-conjugated AzPhe.
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scenario previously proposed for folate binding to FRα [39]. In crystallographic work that compared 
the apo- and folate binding forms of FRs, large conformational changes around the folate binding 
pocket upon folate binding were observed, i.e., from the relaxed (open) to tight (closed) forms. In the 
closed form, the inhibitory loop, basic loop and switching helix around the binding pocket 
cooperatively undergo conformational changes to bind the folate tightly. The bound folate in the FRs 
then dissociates from the receptors after endocytosis of the FRs into cells, which is triggered by the 
acidic environment of the cells. Such a non-equilibrium-binding mode promotes efficient uptake of 

Figure 4. BLI data for binding of (A) folate-PEG8-biotin, (B) GFZIQ, (C) SEZKA and (D) DSEZKAY
with FRα. In all cases, analyte only data was kept as a reference and 1:1 local analysis was used. The
black curve lines are run data and colored curve lines are fitting data.

An advantage of BLI is evaluation of the ka and kd. The binding mode of folate to FRα shows
a non-equilibrium binding mode, in which the kd (7.69 × 10−3 s−1) was ~103 times slower than that
of the association rate (6.74 × 106 M−1 s−1). This difference between the ka and kd corresponds well
with the scenario previously proposed for folate binding to FRα [39]. In crystallographic work that
compared the apo- and folate binding forms of FRs, large conformational changes around the folate
binding pocket upon folate binding were observed, i.e., from the relaxed (open) to tight (closed) forms.
In the closed form, the inhibitory loop, basic loop and switching helix around the binding pocket
cooperatively undergo conformational changes to bind the folate tightly. The bound folate in the FRs
then dissociates from the receptors after endocytosis of the FRs into cells, which is triggered by the
acidic environment of the cells. Such a non-equilibrium-binding mode promotes efficient uptake of
folate into cells. Thus, our BLI data provide the first indication that the proposed trafficking mechanism
of folate is valid by revealing the asymmetric binding kinetics of FRs.
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2.4. Interaction of Folate-Peptide Conjugates with FRα

By conjugation with peptides, the affinity increased to sub-nanomolar (~10−10 M) KD values (Table 2).
The peptide-conjugates showed slower ka values that ranged from 8.91 × 104 to 1.10 × 106 (M−1 s−1).
Results presented in Figure 4B–D show significantly slow dissociation even after incubation in buffer.
As a result, the kd slows from 7.53 × 10−5 to 2.65 × 10−4 s−1, which increases the KD values. These
observations suggest that peptide modification further stabilizes the complex formed between the
peptide-conjugates and FRs, most probably by increasing the number of interaction sites between them.

In the peptide-conjugates, SEZKA and DSEZKAY share the common SEZKA sequence. Addition
of aspartic acid (D) at the N-terminus and tyrosine (Y) at the C-terminus leads to a 12-fold faster
association constant and 3-fold faster dissociation constant for the DSEZKAY peptide-conjugate,
resulting in a 4-fold lower KD. This increase in affinity occurs by lengthening SEZKA to DSEZKAY.
This result indicates that we can alter the affinity of peptide-conjugate compounds by increasing
the length of the peptides at both the N- and C-termini. This may provide a way to manipulate
binding properties of peptide-conjugated compounds by increasing the length of the peptide part of
the conjugates, which may increase the number of interaction contacts with the target protein.

Figure 5 shows the results of the docking simulation, which demonstrates the interaction mode
of DSEZKAY with FRα. As expected in Figure 1, the structure of the complex shows an increase
in the number of interactions to FRα from the peptide portion around the folate-binding pocket.
Previous reports have demonstrated greater than 100-fold increases in binding affinity by peptide
conjugates [25–27], whereas the present result was lower than these previous increases in affinity.
However, the present investigation also revealed that peptide conjugation is a useful tool to enhance the
binding affinity to the target molecule. Future efforts will focus on using the folate-peptide conjugate
to target anti-cancer drug delivery.
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Figure 5. Docking model of DSEZKAY (yellow) with the surface of the FRα (blue). The gradation of 
yellow and magenta colors on the surface of the FRα indicated the interaction between the ligand 
and surface of the FRα. This figure was prepared by the program ICM –Pro. The left dotted box area 
of interaction between DSEZKAY with FRα is zoomed in right dotted box. All the dotted lines in 
right dotted box indicate an “increased” interaction of DSEZKAY with the FRα (except for the 
interaction of folate with the FRα). 

Figure 5. Docking model of DSEZKAY (yellow) with the surface of the FRα (blue). The gradation of
yellow and magenta colors on the surface of the FRα indicated the interaction between the ligand and
surface of the FRα. This figure was prepared by the program ICM-Pro. The left dotted box area of
interaction between DSEZKAY with FRα is zoomed in right dotted box. All the dotted lines in right
dotted box indicate an “increased” interaction of DSEZKAY with the FRα (except for the interaction of
folate with the FRα).

3. Materials and Methods

3.1. Materials

Fmoc-Phe(4-N3)-OH (AzPhe-Fmoc) was purchased from Watanabe Chemical Industries, Ltd.
(Hiroshima, Japan) to incorporate non-natural amino acids during the solid phase peptide synthesis
procedure. BimH3 was purchased from Tokyo Chemical Industry Co., Ltd. (Tokyo, Japan). Biotin-PEG24-
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NHS was purchased from Thermo Fisher Scientific (Waltham, MA, USA) for biotin-PEG24 modification at
the N-terminus of the folate-peptide conjugates. For the activity assay, streptavidin (SA) biosensors were
purchased from ForteBio (Fremont, CA, USA). Folate-PEG8-biotin was purchased from Nanocs (New York,
NY, USA). Reagents used for reversed-phase high performance liquid chromatography (RP-HPLC)
were of HPLC grade. All other chemicals used were of biochemical research grade. MALDI-TOF MS
(Microflex, Bruker Daltonics, Billerica, MA, USA.) was employed for molecular weight measurement.

3.2. Synthesis of Folate-Propargyl and Folate-DBCO

Synthetic schemes of folate derivatives are presented in Figure 6. Each compound was synthesized
and confirmed as follows.
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Figure 6. Structures and syntheses of folate derivatives. (A) Structure of folate is modified with group
‘X’, where X = propargyl or DBCO (the chemical structures was drawn in black box). The chemical
structures of propargyl and DBCO are drawn in black box. (B) Synthesis of pteroic acid, (C) synthesis
of γ-propargyl glutamic acid, (D) synthesis of folate-propargyl, (E) synthesis of silyl protected glutamic
acid and (F) synthesis of folate-DBCO.
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3.2.1. Compound 2

To a solution of folate 1 (10 g, 0.022 mol) and 100 mL anhydrous tetrahydrofuran (THF) in
a three-neck flask, 24 mL, 0.176 mol trifluoroacetic anhydride [(CF3CO)2O] was slowly added at 0 ◦C
for 30 min. The dark brown homogeneous mixture was stirred at room temperature (RT). After 10 h,
the reaction mixture was filtered through a pad of celite to remove the small amount of solid residue.
The filtrate was concentrated under reduced pressure and the viscous liquid was dissolved with
a minimum amount of THF (5 mL), which was slowly transformed into a flask of well-stirred diethyl
ether (Et2O). The yellow precipitate formed in Et2O was collected by filtration and washed with Et2O
(25 mL ×2) to yield the crude compound 2.

3.2.2. Compound 3

The crude compound 2 (6 g) was dissolved in THF (50 mL) followed by the addition of ice (~10 g)
with stirring for 5 h. The mixture was slowly transferred into stirred Et2O (200 mL). The yellowish
precipitate was collected by filtration, washed with Et2O (200 mL ×3) and dried for 24 h under
vacuum. To the suspension of yellowish precipitate, conc. HCl (60 mL) was added and refluxed at
60 ◦C overnight and then 100 ◦C for 2.5 h. The reaction mixture was poured into water (100 mL).
The precipitate formed in the solution was collected by filtration and washed with Et2O to afford
compound 3 (75%). 1H NMR (DMSO-d6, 400 MHz): 4.60 [singlet (s), 2 H], 6.66 [doublet (d), J = 8.8 Hz,
2 H], 7.66 (d, J = 8.8 Hz, 2 H), 8.68 [broad singlet (brs), 2 H), 8.78 (s, 1 H).

3.2.3. Compound 4

Compound 3 (3.0 g, 9.6 mmol), Et3N (5.36 mL, 38.0 mmol), and 1,1′-carbonyldiimidazole (CDI)
(6.2 g, 38.0 mmol) in 30 mL dimethyl sulfoxide (DMSO) was stirred at RT for 3.5 h. To the resulting
solution, 2-(trimethylsilyl) ethanol (11 mL, 76.8 mmol) was added. After 5 h stirring at RT, the reaction
mixture was poured into a mixture of water (330 mL), 9.6 mL acetic acid (AcOH) and Et2O (192 mL).
The resulting yellow precipitate was collected by filtration and purified on a silica gel column with
10% (v/v) methanol (MeOH) in CHCl3 to give a yellow solid, which was further washed with Et2O to
give compound 4 (2.14 g, 44%). 1H NMR (DMSO-d6, 400 MHz): 0.06 (s, 9H), 1.03–1.07 [multiplet (m),
2H], 4.28–4.32 (m, 2H), 4.66 (d, J = 6.4 Hz, 2H), 6.79 (d, J = 8.8 Hz, 2H), 7.10 (s, 1H), 7.61–7.67 (m, 4H),
8.15 (s, 1H), 8.89 (s, 1H).

3.2.4. Compound 6

To compound 5 (800 mg, 2.6 mmol) in THF (20 mL), propargylamine hydrochloride (275 mg,
3.0 mmol), 1-ethyl-3-(3-dimethylaminopropyl) carbodiimide hydrochloride (EDC) (575 mg, 3.0 mmol)
and Et3N (575 mL) were added, and subsequently CH2Cl2 (30 mL) and MeOH (10 mL) were added to
dissolve solids completely. After stirring at RT for 5 h the solvent was evaporated. The residue was
purified on a silica gel column to give compound 6 (620 mg, 91%). 1H NMR (CDCl3, 400 MHz): 1.46
(s, 18 H), 1.86 (s, CCH, 1 H), 2.12–2.31 (m, 4 H), 4.06 [quartet (q), 2 H), 4.16 (m, αCH, 1 H), 5.24 (s, NH,
1 H), 6.52 (s, NH, 1 H).

3.2.5. Compound 7

Compound 6 (620 mg, 1.8 mmol) was dissolved in CH2Cl2 (5.4 mL) and cooled to 0 ◦C. To the
solution, 12.6 mL trifluoroacetic acid (TFA) was added while stirring. After stirring at RT for 4 h,
the solvent was evaporated under reduced vacuum. MeOH was added to dissolve the crude powder
and then solidification was performed by the addition of Et2O. The solvent was evaporated and the
precipitate dried to give compound 7 (340 mg, 100%). 1H NMR (D2O, 400 MHz): 2.00 (dd, 2 H), 2.30
(dd, 2 H), 2.45 (s, CCH, 1 H), 3.66 (t, αCH, 1 H), 3.81 (s, 2 H).
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3.2.6. Compound 8

Compound 7 (107 mg, 0.58 mmol), compound 4 (224 mg, 0.44 mmol) and 7-methyl-1,5,7-
triazabicyclo [4.4.0] dec-5-ene (MTBD) (0.2 mL) were dissolved in DMSO (5 mL) and the mixture was
stirred for 24 h under a nitrogen atmosphere. The solution was drop-wise added into a mixture of 1 M
AcOH (30 mL), MeOH (15 mL) and CHCl3 (30 mL). The solution was then washed with a AcOH:MeOH
(1:1, v/v) mixture once and with a H2O:MeOH (2:1, v/v) mixture twice. The organic layer was then
dried with MgSO4 and evaporated. The solid was dissolved in a minimum volume of CHCl3 and
was solidified by the addition of Et2O. The precipitate was collected by decantation and the solvent
evaporated, and the precipitate dried under vacuum to yield compound 8 (263 mg, 95%). 1H NMR
(DMSO-d6, 400 MHz): 0.05 (s, 9 H), 1.05 (m, 2 H), 1.91 (m, 2 H), 2.20 (m, 2 H), 3.07 (s, CCH, 1 H), 3.83
(s, 2 H), 4.30 (m, 3 H), 4.60 (d, 2 H), 6.66 (d, 2 H), 7.03 [triplet (t), folate amine, 1 H), 7.65 (d, 2 H),
8.17 (br, folate amide, 1 H), 8.30 (br, amide, folate amide, 2 H), 8.84 (s, 1 H), 11.9 (br, folate OH, 2 H).
MALDI-TOF MS calculated for C28H34N8O7Si [M + H]+ 623.239; obtained [M+H]+ 623.403.

3.2.7. Compound 9 (Folate-Propargyl)

To a solution of compound 8 (70 mg, 0.11 mmol) in DMSO (1 mL), 1 M tetrabutylammonium
fluoride (TBAF) in THF (1 mL) was added and then stirred. After 3 h stirring at RT, the mixture was
solidified by the addition of H2O:AcOH (2:1, v/v), and the material purified by centrifugation and
decantation. This procedure was performed three times. The compound was solidified by Et2O and
centrifuged once. The orange powder of compound 9 (53 mg, 98%) was obtained by drying in vacuo.
Figure S1 shows 1H NMR data of compound 9. 1H NMR (DMSO-d6, 400 MHz): 1.94 (m, 2 H), 2.21
(t, 2 H), 3.07 (s, CCH, 1 H), 3.82 (s, 2 H), 4.26 (m, 1 H), 4.48 (d, 2 H), 6.64 (d, 2 H), 6.93 (t, folate amine,
1 H), 7.65 (d, 2 H), 8.13 (d, folate amide, 1 H), 8.29 (t, folate amide, 1 H), 8.65 (s, 1 H), 12.0 (br, folate OH,
2 H). MALDI-TOF MS calculated for C22H23N8O5 [M + H]+ 479.179; obtained [M + H]+ 479.310.

3.2.8. Compound 11

A mixture of compound 10 (3 g, 9.9 mmol) and CDI (1.60 g, 9.9 mmol) in CH2Cl2 (30 mL) was
stirred at RT for 1 h, followed by the addition of 1.46 mL of 9.9 mmol tetramethylsilane ethanol (TMS
EtOH), and this sample was stirred for a further 18 h. H2O (150 mL) was added to the reaction mixture
and the resulting mixture was partitioned. The organic layer was dried with anhydrous Na2SO4 and
the solvent evaporated under reduced pressure. The residue was purified on a silica gel column with
25% (v/v) ethyl acetate in hexane to give a colorless oil 11 (3.46 g, 87%). 1H NMR (DMSO-d6, 400 MHz):
0.05 (s, 9 H), 0.99–1.04 (m, 2 H), 1.44–1.45 (m, 18 H), 1.85–1.95 (m, 1 H), 2.07–2.16 (m, 1 H), 2.24–2.38
(m, 2 H), 4.20–4.30 (m, 3 H), 5.09 (d, J = 8.4 Hz, 1 H).

3.2.9. Compound 12

A mixture of compound 11 (2 g, 4.9 mmol) and TFA:CH2Cl2 (1:2, v/v) (15 mL) was stirred at
0 ◦C for 30 min. The reaction mixture was then allowed to acquire at RT for 4.5 h. while stirring.
The solvent of the reaction mixture was evaporated and the material purified on a silica gel column
with 20–35% (v/v) MeOH in CHCl3 to give compound 12 (0.842 g, 69%, as a colorless semisolid). 1H
NMR (DMSO-d6, 400 MHz): 0.05 (s, 9 H), 0.99–1.03 (m, 2 H), 1.94–2.05 (m, 2 H), 2.36–2.48 (m, 2 H), 4.03
(t, J = 6.4 Hz, 1 H), 4.22–4.26 (m, 2 H).

3.2.10. Compound 13

Compound 12 (1.75 g, 3.4 mmol), compound 4 (1.28 g, 5.2 mmol) and MTBD (1.48 mL, 10 mmol)
in DMSO (15 mL) were stirred at RT in a 100 mL two neck round bottom flask. After 21 h, the resulting
mixture was poured into a mixture of aqueous AcOH (1 M, 600 mL), MeOH (250 mL) and CHCl3
(600 mL). The organic layer was then washed with 1 M AcOH:MeOH (1/1, v/v) (400 mL) and H2O:MeOH
(2/1) (600 mL ×2). The resulting organic solution was dried with anhydrous Na2SO4 and evaporated
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under reduced pressure. The crude mixture was purified on a silica gel column with CHCl3:MeOH:ethyl
acetate:AcOH (17:1:2:0.08, v/v/v/v) and then CHCl3:MeOH:AcOH (9:1:0.025, v/v/v) to afford a yellow
solid compound 13 (1.38 g, 58%). 1H NMR (DMSO-d6, 400 MHz): 0.01 (s, 9 H), 0.06 (s, 9 H), 0.91–0.95
(m, 2 H), 1.03–1.07 (m, 2 H), 1.86–1.95 (m, 1 H), 1.99–2.06 (m, 1 H), 2.30–2.34 (m, 2 H), 4.09–4.13 (m, 2 H),
4.28–4.34 (m, 3 H), 4.59 (d, J = 6 Hz, 2 H), 6.65 (d, J = 8.8 Hz, 2 H), 7.02 (t, J = 6.4 Hz, 1 H), 7.65
(d, J = 8.4 Hz, 2 H), 8.22 (d, J = 7.6 Hz, 1 H), 8.84 (s, 1 H), 11.88 (br, 4 H).

3.2.11. Compound 14

To a solution of compound 13 (1 g, 1.5 mmol) and 5 mL N,N-dimethylformamide (DMF), NHS
(202 mg, 1.7 mmol) and EDC (279 mg, 1.5 mmol) were added. The resulting mixture was stirred at RT
for 18 h. The reaction mixture was poured into water (300 mL) and the yellow precipitate was collected
by filtration to afford compound 14 (1.03 g, 90%). 1H NMR (DMSO-d6, 400 MHz): 0.00 (s, 9 H), 0.06
(s, 9 H), 0.91–0.95 (m, 2 H), 1.02–1.07 (m, 2 H), 2.04–2.16 (m, 2 H), 2.76–2.84 (m, 6 H), 4.09–4.15 (m, 2 H),
4.28–4.32 (m, 3 H), 4.59 (s, 2 H), 6.66 (d, J = 8.8 Hz, 2 H), 7.66 (d, J = 9.2 Hz, 2 H), 8.32 (d, J = 7.6 Hz,
1 H), 8.84 (s, 1 H), 11.70 (br, 2 H).

3.2.12. Compound 15

Compound 14 (142 mg, 0.18 mmol), DBCO amine (50 mg, 0.18 mmol) and triethylamine (Et3N)
(0.04 mL, 0.29 mmol) in 3 mL CH2Cl2 were added and stirred at RT for 3.5 h in a 20 mL round
bottom flask. The reaction mixture was diluted with CHCl3 (25 mL) and washed with water (25 mL
×2). The organic layer was dried with anhydrous Na2SO4, evaporated and the sample purified on
a Sephadex LH-20 column with CHCl3:MeOH = 1:1 (v/v) to afford compound 15 (0.150 mg; 88%).
1H NMR (DMSO-d6, 400 MHz): −0.007 (s, 9H), 0.054 (s, 9 H), 0.89–0.93 (m, 2 H), 1.02–1.06 (m, 2 H),
1.75–2.08 (m, 5 H), 2.36–2.43 (m, 1 H), 2.90–2.95 (m, 1 H), 3.04–3.12 (m, 1 H), 3.60 (dd, J = 13.6 Hz,
J = 6.8 Hz, 1 H), 4.07–4.11 (m, 2 H), 4.21–4.31 (m, 3 H), 4.59 (d, J = 5.6 Hz, 2 H), 5.01 (t, J = 14.4 Hz, 1 H),
6.65 (dd, J = 8.8 Hz, J = 4.4 Hz, 2 H), 7.05 (q, J = 6 Hz, 1 H), 7.24–7.46 (m, 6 H), 7.52–7.66 (m, 5 H), 8.26
(d, J = 7.2 Hz, 1 H), 8.84 (s, 1 H), 11,69 (br, 1 H). 13C NMR (DMSO-d6, 100 MHz): −1.5, 16.8, 17.0, 26.2,
31.6, 34.1, 35.0, 46.0, 52.4, 54.8, 62.4, 64.6, 108.0, 111.2, 114.3, 121.3, 121.4, 122.4, 125.2, 126.8, 127.7, 128.0,
128.2, 128.9, 129.0, 129.5, 130.0, 132.3, 132.4, 148.3, 149.2, 150.7, 151.4, 152.1, 155.0, 159.5, 166.3, 170.1,
171.3, 172.3.

3.2.13. Compound 16 (Folate-DBCO)

To a solution of compound 15 (100 mg, 0.1 mmol) in DMSO (1 mL), TBAF [1.14 mL of 1 M in
anhydrous THF, 10 equivalent (eq.)] was added and then stirred at RT. After 10 h stirring, AcOH
(1.25 mL) was added and the mixture was poured into a mixture of CHCl3 and ethyl acetate (4:1, 25mL).
The yellowish precipitate formed in the solution was collected by filtration and then recrystallized
in a mixture EtOH:MeOH to give the yellow solid compound 16 (folate-DBCO). 1H NMR data is
displayed in Figure S2A. 1H NMR (DMSO-d6, 400 MHz): 1.77–2.04 (m, 5 H), 2.33–2.40 (m, 1 H),
2.88–2.92 (m, 1 H), 3.05–3.11 (m, 1 H), 3.61 (dd, J = 14 Hz, J = 3.6 Hz, 1 H), 4.10–4.14 (m, 1 H), 4.47
(d, J = 6 Hz, 2 H), 5.01 (dd, J = 14.4 Hz, J = 8.4 Hz, 1 H), 6.63 (dd, J = 8.8 Hz, J = 2.8 Hz, 2 H), 6.91–6.94
(m, 1 H), 7.07 (br, 1 H), 7.27–7.48 (m, 6 H), 7.55–7.66 (m, 5 H), 7.94 (br, 1 H), 8.63 (s, 1 H). 13C NMR
data is displayed in Figure S2B. 13C NMR (DMSO-d6, 100 MHz): 27.4, 31.9, 34.1, 35.0, 46.0, 52.8, 54.8,
108.1, 111.3, 114.3, 121.4, 121.8, 122.5, 125.3, 126.8, 127.7, 128.0, 128.2, 128.7, 129.0, 129.5, 132.4, 148.3,
148.5, 150.6, 151.4, 154.3, 161.5, 165.7, 170.2, 171.7, 174.4. HRMS data is displayed in Figure S2C. HRMS
(QSTAR Elite, AB SCIEX, Framingham, MA, USA) calculated for C37H33N9NaO6 [M + Na]+ 722.2446;
obtained [M + Na]+ 722.2445.

3.3. Click Reaction of Folate-Propargyl or Folate-DBCO with AzPhe-Fmoc

Reaction schemes for the click reactions of folate-propargyl and folate-DBCO with AzPhe-Fmoc
are shown in Figure 2. A 1 mM stock of folate-propargyl and a 10 mM stock of BimH3 were prepared
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in DMSO for CuAAC. A 10 mM stock of AzPhe, sodium ascorbate, 2 mM stock of copper (II) sulfate
(CuSO4) and copper (I) chloride (CuCl) were prepared in H2O.

A 10 mM folate-DBCO stock was prepared in DMF and a 10 mM stock of AzPhe-Fmoc was
dissolved in H2O for SPAAC. Several trials were performed for both compounds listed in Table 1.
RP-HPLC using an Inertsil ODS-3 column (Nacalai tesque Inc., Kyoto, Japan) at 25 ◦C for 55 min was
performed with H2O containing 0.1 % (v/v) TFA (solvent A) and acetonitrile containing 0.1 % (v/v)
TFA (solvent B) as a solvent system with a gradient from 0–0.10 min at 90% A, 5–40 min at 90–50% A,
40–45 min at 50–0% A and 45–47 min at 0–90% A, and flow rate of 1 mL/min. In some cases, a gradient
from 0–10 min at 90% A, 5–40 min at 90–30% A, 40–43 min at 30–0% A and 43–45 min at 0–90% A was
used, and a flow rate of 1 mL/min.

3.4. Synthesis and Purification of Peptides with N-terminal Biotin-PEG24

The folate-peptide conjugates were synthesized by conventional Fmoc based solid-phase synthesis
methods using a high purity single peptide synthesizer MultiPep CF and micro-column (INTAVIS Co.
Ltd., Cologne, Germany). During synthesis, coupling and deprotection steps were carried out in the
peptide synthesizer. All peptides were synthesized at the 10 µmol scale. Peptide synthesis is as follows:

Preloaded 0.21 mmol/g of fmoc-Gln(Trt)-NovaSyn TGA (Novabiochem, Darmstadt, Germany),
0.19 mmol/g of fmoc-Ala-NovaSyn TGA (Novabiochem) or 0.24 mmol/g of fmoc-Tyr (tBu)-NovaSyn
(Novabiochem) was used for synthesis of GF[AzPhe]IQ, SE[AzPhe]KA and DSE[AzPhe]KAY, respectively.
Fmoc deprotection was performed by using 20% (v/v) piperidine in N-methyl-2-pyrrolidone (NMP) or 1%
(v/v) formic acid + 20% (v/v) piperidine in NMP, depending on the amino acid content of the peptide. For the
coupling step, the corresponding amino acid (5 times mol with respect to resin) was incubated with the
resin for 30 min in the presence of NMP (8 µL), 0.5 M (2-(1H-benzotriazol-1-yl)-1,1,3,3-tetramethyluronium
hexafluorophosphate (150 µL) and 4 M N-methylmorpholine (45 µL). AzPhe (65 ng) was used during
each synthesis. After confirming the mass of the synthesized peptides by MALDI-TOF MS, the beads
were incubated overnight on a shaker with a mixture of biotin-PEG24-NHS (34 mg, 1.5 mol eq.),
hydroxybenzotriazole (8.3 mg, 0.6 mol eq.) with the addition of NMP (300 µL). The reaction scheme for
N-terminal peptide modification with biotin-PEG24 modification is shown in Figure 3A. After confirming
the mass of the product with MALDI-TOF MS, the peptides were cleaved from the resin using a cleavage
cocktail [95.0% (v/v) TFA, 2.5% (v/v) triisopropylsilane and 2.5% (v/v) H2O]. Depending on the amino acid
content of each peptide, resins were incubated with the cleavage cocktail for 2–4 h in a light protected
container with intermittent shaking. The cleavage mixture was then filtered to remove the beads and
peptides were precipitated using cold Et2O. The resulting precipitate was centrifuged and washed three
times with Et2O. Et2O was removed by overnight vacuum lyophilization and peptides were obtained in
powder form. The products were further purified by RP-HPLC using the Inertsil ODS-3 column at 25 ◦C
for GFZIQ and SEZKA: 50 min with a gradient of 1–51% (v/v) acetonitrile in water containing 0.1% (v/v)
TFA. An Inert Sustain C18 column (Nacalai tesque Inc.) at 50 ◦C was used to further purify the DSEZKAY
peptide. The gradient was 25–55% (v/v) acetonitrile in water containing 0.1 % (v/v) TFA for 30 min. Peptides
were purified as shown in Figure S3 and analyzed by MALDI-TOF MS (Figure S4A–C) and the results are
summarized in Table S1. The purified peptides were lyophilized and stored until required.

3.5. SPAAC Click Chemistry to Conjugate Folate into Peptides

Folate-DBCO (3.55 mg) was dissolved in 1 mM DMSO (2.5 mL). Folate-DBCO was then diluted to
0.1 mM with MeOH [total DMSO = 10% (v/v)]. A 1 mM stock of ~50% purified peptide-PEG24-biotin
was prepared in MeOH. 1 mol eq., 0.1 mM (1 mL) biotin-PEG24-peptide was mixed with 2 mol eq.,
0.1 mM (2 mL) folate-DBCO in 7.14% (v/v) DMSO and 92.86% MeOH [40]. The mixture was constantly
rotated at 5 rpm and 25 ◦C on a rotator for 16 h under dark conditions. After the reaction, mixtures
were purified by RP-HPLC using the Inertsil ODS-3 column at 25 ◦C for 50 min with a gradient of
1–51% (v/v) acetonitrile in water containing 0.1% (v/v) TFA. Folate-peptide conjugates were analyzed
by MALDI-TOF MS analysis.
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3.6. Purification and Refolding of FRα

All steps performed for purification and refolding of FRα were carried out according to our
previous report [41]. However, some different reagents were used. For cell body washing, we used 4 M
urea instead of Triton X-114. The inclusion bodies were solubilized and purified with 8 M urea instead
of 6 M guanidine HCl. Purification and refolding data are shown in Figure S5, and Tables S2 and S3.

3.7. BLI Measurements

The binding affinity of refolded FRα toward folate and folate conjugated peptide aptamers was
measured by biolayer interferometry at 25 ◦C using a BLItz system (ForteBio) with kinetics buffer
[10 mM PBS, pH 7.4, 0.5% (w/v) BSA and 0.01% (v/v) Tween 20]. The measurement procedure has been
reported previously [41]. Streptavidin-coated biosensors (SA sensors were hydrolyzed for 2 h in 250 µL
kinetics buffer and then soaked with 250 µL folate-PEG8-biotin (2.5 µM), or a variety of concentrations
of 250 µL folate-peptide-PEG24-biotin conjugates at a stirring speed of 2200 rpm. Two baselines were
measured for each sensor in kinetics buffer for 30 and 300 s prior to the immobilization and association
step, respectively. Folate-PEG8-biotin or folate-peptide-PEG24-biotin conjugates immobilized to SA
biosensors were dipped into FRα solutions for the association step. Dissociation was monitored in
250 µL immune assay kinetics buffer. To eliminate errors from non-specific binding of the analyte (FRα)
on the SA biosensor chips, reference data with the same concentrations of analyte were also measured.

The obtained binding data were analyzed using a 1:1 local analysis mode applied with association
and dissociation step corrections by the BLItz Pro1.2 software (ForteBio). The reference measurements
were subtracted during data analysis to determine ka, kd and KD.

4. Conclusions

By conjugation with peptides the affinities of folate to the receptor were enhanced. The conjugation
with designed peptides will be useful for enhancement of ligands affinities through the increase of
binding sites.

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/9/2152/
s1.
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Abbreviations

AcOH Acetic acid
ADC Antibody-drug conjugate
AzPhe 4-Azido phenylalanine
BimH3 Tris-(2-benzimidazolylmethyl) amine
BLI Biolayer interferometry
BSA Bovine serum albumin
brs Broad singlet
CDI 1,1′-carbonyldiimidazole
CuAAC Cu(I)-catalyzed alkyne-azide cycloaddition
d Duplet
DBCO Dibenzylcyclooctyne
DMF N,N-Dimethylformamide
DMSO Dimethyl sulfoxide
EDC 1-Ethyl-3-(3-dimethylaminopropyl) carbodiimide hydrochloride
eq Equivalent
EtOH Ethanol
Et2O Diethyl ether
Et3N Triethylamine
Fmoc 9-Fluorenylmethyloxycarbonyl group
FR Folate receptor
FRα Folate receptor alpha
ka Association rate constant
KD Equilibrium dissociation constant
kd Dissociation rate constant
m Multiplet
MALDI-TOF MS Matrix assisted laser desorption/ionization-time of flight mass spectrometry
MeOH Methanol
MTBD 7-Methyl-1,5,7-triazabicyclo [4.4.0] dec-5-ene
NHS N-hydroxysuccinimide
NMP N-methyl-2-pyrrolidone
PBS Phosphate buffered saline
PEG Polyethylene glycol
q Quartet
RT Room temperature
s Singlet
SA Streptavidin
SPAAC Strain-promoted alkyne-azide cycloaddition
TBAF Tetrabutylammonium fluoride
TFA Trifluoroacetic acid
THF Tetrahydrofuran
TMS Tetramethylsilane
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Abstract: As a polyene antibiotic of great pharmaceutical significance, pimaricin has been extensively
studied to enhance its productivity and effectiveness. In our previous studies, pre-reaction state
(PRS) has been validated as one of the significant conformational categories before macrocyclization,
and is critical to mutual recognition and catalytic preparation in thioesterase (TE)-catalyzed systems.
In our study, molecular dynamics (MD) simulations were conducted on pimaricin TE-polyketide
complex and PRS, as well as pre-organization state (POS), a molecular conformation possessing a
pivotal intra-molecular hydrogen bond, were detected. Conformational transition between POS and
PRS was observed in one of the simulations, and POS was calculated to be energetically more stable
than PRS by 4.58 kcal/mol. The structural characteristics of PRS and POS-based hydrogen-bonding,
and hydrophobic interactions were uncovered, and additional simulations were carried out to
rationalize the functions of several key residues (Q29, M210, and R186). Binding energies, obtained
from MM/PBSA calculations, were further decomposed to residues, in order to reveal their roles in
product release. Our study advanced a comprehensive understanding of pimaricin TE-catalyzed
macrocyclization from the perspectives of conformational change, protein-polyketide recognition,
and product release, and provided potential residues for rational modification of pimaricin TE.

Keywords: pimaricin thioesterase; protein-substrate interaction; macrocyclization; molecular
dynamics (MD) simulation; pre-reaction state

1. Introduction

Produced predominantly by the genus Streptomyces, polyene polyketides consist of a large
family of natural compounds [1,2], including pimaricin [3], amphotericin B [4], nystatin A1 [5],
and candicidin/FR008 [6]. The members of this class are widely used in clinical medicine for their
broad spectral antifungal properties [7]. With constant progress in scientific research, their potential
pharmaceutical values on antiviral, antiprotozoal, antiprion, and anticancer activity have been
progressively clarified [8,9].

As a potent polyene antibiotic produced by Streptomyces natalensis, pimaricin (i.e. natamycin)
primarily functions in the treatment of fungal infections caused by Candida, Fusarium, Penicillium,
and Aspergillus organisms [10]. It is also known as an additive in food industry [11]. Pimaricin
was approved by the Food and Drug Administration (FDA) as a drug for fungal keratitis in
1978 [12]. Ergosterol constitutes a major component in fungal and trypanosomatids plasma membrane,
while absent in animal cells [13]. Pimaricin serves to bind specifically to ergosterol, downregulate
vesicle trafficking, suppress membrane protein transport, and interfere with endocytosis, as well as
exocytosis without permeabilizing the membrane [14–16]. Its strong performance in clinical trials
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makes pimaricin appealing to researchers, and its biosynthetic pathway modification and drug design
have become new science hotspots [17].

Pimaricin is synthesized by type I polyketide synthases (PKSs), which consists of several
covalently-connected multi-domain “modules.” Each module contains a set pattern of domains,
with acyltransferase (AT) adding acyl-CoA building blocks, acyl carrier protein (ACP) carrying the
polyketide between modules, and ketosynthase (KS) accepting the growing chain from ACP [18].
An extra combination of domains, such as ketoreductase (KR), dehydratase (DH), methyltransferase
(MT) were responsible for the production of distinctive macrolactones [19–21]. Situated in the
last module, the thioesterase (TE) domain off-loads the ACP-tethered polyketide from PKS via
macrocyclization or hydrolysis.

Consistent with serine hydrolase, a two-step mechanism has been proposed for TE-mediated
catalysis of macrocyclic polyketides [22]. The first step is acylation of a universally conserved serine
residue in the catalytic triad, generating an acyl-enzyme intermediate and stabilized for a considerable
time [23]. The second step takes place with an intra-molecular hydroxyl group on polyketide which
initiates a nucleophilic attack and leads to cyclization, or hydrolysis of the acyl-enzyme intermediate
with no efficient intra-molecular nucleophile present.

In our previous work concerning 6-deoxyerythronolide B synthase (DEBS)-TE [24], a hydrogen
bond emerged between the polyketide chain terminal hydroxyl group O11 and carbonyl oxygen O
(Figure 1), as accompanied by the swing of C11 ethyl of substrate. This structure has been reported in
Trauger’s work in 2001, where it was referred to as the “pre-organization state” (POS). According to
Trauger [25], the “product-like” conformation might contribute to pre-organization of the substrate for
cyclization. The conformation with a hydrogen bond, forming between the O11 and Nε of His259 in
the catalytic triad, was defined as an active state in our study. This conformation maintained for ~100 ns
in our simulations with considerable steadiness. However, the distance of O11-C1 for nucleophilic
attack was larger than 6 Å in active state. Finally, an advantageous conformer (the pre-reaction state,
PRS) was found [24] after ~270 ns MD simulation, which possessed both hydrogen bond O11-NεH259

and an appropriate distance between O11 and Cl to facilitate nucleophilic attack. Critical to mutual
recognition and catalytic preparation between TE and substrate, the PRS seemed decisive in the
occurrence of macrocyclization.
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Figure 1. Structures of pre-organization state (POS), active state and the pre-reaction state (PRS) of
6-deoxyerythronolide B synthase (DEBS) thioesterase (TE) system.

To understand the molecular basis of pimaricin-TE (pima-TE) catalyzed macrocyclization,
MD simulations were employed on enzyme-substrate complex. POS, active state, and PRS were
discovered during 5 × 50 ns molecular dynamics (MD) simulations, and the conformational transition
between POS and PRS was explored. The structural characteristics of POS and PRS were uncovered
by conducting analyses of hydrogen-bonding and hydrophobic interactions. Additional simulations
on several mutants (including Q29A, M210G, R186F, R186Y and S138C) were carried out to validate
the functions of several key residues in substrate recognition and product release. At last, the binding
energies of enzyme-product complex were obtained through MM/PBSA calculations, and with critical
residues highlighted. We also provided an explanation on the departure of product from the active site.
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2. Results and Discussion

2.1. Key Structural Conformations in MD Simulations

Intrigued by the recognition mechanism of pima-TE, 5 × 50 ns MD simulations were performed
on constructed complex. Root-mean-square deviation (RMSD) analysis revealed that all five trajectories
attained equilibrium (Figure S1). The root-mean-squared fluctuation (RMSF) values highlighted six
parts on pima-TE. Firstly, the lid region was violently jacked up by the erected polyketide (Figure 2).
As a polyene molecule with 26-atom skeleton, pimaricin’s accommodation would require a larger space,
compared with pikromycin, a 14-membered ring. It was conceivable that the relaxation of the substrate
would incur close contact with the lid. Next, as components of the channel, αL2, as well as loop l1 &
l2, presented evident structural dynamism and various coiling states, while αL3 exhibited negligible
fluctuation. Helix αL2 was proposed to wield a larger influence on protein-intermediate recognition
than αL3, and l1 and l2 were responsible for the exit and entrance size. At last, RMSF indicated that
loop l3 adopted larger fluctuations than loop l1 and l2, and the b-factor calculation [26,27] disclosed an
inherent mobility of loop l3.
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Next, conformational variations at active site in each trajectory were carefully studied. The entire 
250 ns trajectory was divided into three categories, based on distance measurement. With a hydrogen 
bond coming into being between terminal hydroxyl O7 and NεH261 (distance (O7-NεH261) ≤ 3.0Å), the 
intermediate was regarded ready to be de-protonated by H261, namely, an active state. The active state 

Figure 2. Conformational change of pima-TE system during molecular dynamics (MD) simulations.
(a) Structural variations between post (opaque) and pre-simulation (transparent) complexes, with lid
region, polyketide chain, α-helix αL2, αL3 and loop l1, l2 & l3 colored in tv_blue, gray, yellow, cyan,
green, red and orange. (b) Root-mean-squared fluctuation (RMSF) of five trajectories with key structural
elements highlighted.

Next, conformational variations at active site in each trajectory were carefully studied. The entire
250 ns trajectory was divided into three categories, based on distance measurement. With a hydrogen
bond coming into being between terminal hydroxyl O7 and NεH261 (distance (O7-NεH261) ≤ 3.0 Å),
the intermediate was regarded ready to be de-protonated by H261, namely, an active state. The active
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state was observed in all five trajectories (8.7, 3.1, 17.1, 79.5, and 23.4%, respectively), with the highest
proportion in md4 (Figure 3). Moreover, the terminal O7 was proposed to be conducive for nucleophilic
attack onto carboxyl C1 with distance (O7-C1) ≤ 4.5 Å. The PRS was defined as both criteria were met,
and was present in md4 for 4700 frames (18.8%, Figure S2); in other trajectories, PRS appeared with a
significantly lower frequency, testifying to its unsteadiness as a transient state.
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Figure 3. Classification of trajectory frames based on polyketide chain conformation. (a) Representative
structures of PRS, active state and POS extracted from clustering analysis. (b) Proportion of PRS,
active state, and POS in each trajectory.

Distinguished from PRS and active state that ultimately lead to macrocyclization, inactive
conformations are susceptible to hydrolysis. Notably, among inactive conformations, the POS, which is
characterized by a hydrogen bond between O7 and carbonyl oxygen O1 of substrate, was also observed
within md1 for 11896 frames (47.6%, Figure S2), whereas it was nearly absent in others (3, 2, 20 and 0
frames in md2–5).

2.2. Conformational Transition between POS and PRS

Next, the transformation between POS and PRS was studied using dihedral angle Cα-Cβ-Cγ-O7

as an indicator of polyketide terminal rotation. In PRS, bond Cα-Cβ ran anti-parallel against Cγ-O7

(−180◦), but in POS, the dihedral angle was altered to an acute angle fluctuating between (−30◦, −70◦).
The conformational flip took place in 18–22 ns of md1 trajectory, with conformation altering

progressively from PRS (−180◦) to POS (−60◦). As presented in Figure 4, terminal hydroxyl O7 firstly
swung up and disassociated from H261, followed by Cβ-Cγ twisting clockwise and terminal methyl
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oriented towards the entrance (I→II). Further, the intermediate swelled to diminish distance O7-O1.
After quick adjustment, POS came into being and maintained for rest of the trajectory (II→III).Int. J. Mol. Sci. 2019, 20, x FOR PEER REVIEW 5 of 18 
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md1 along with intermediate conformation change. (b) Presentation of dihedral angle Cα-Cβ-Cγ-O7.

An energy calculation was also conducted to investigate the structural stability of aforementioned
conformations. As expected, POS harbored a lower energy than PRS by 4.58 kcal/mol, indicating
the steadiness of the O7-O1 intra-molecular hydrogen bond. On the other hand, the active state was
calculated to be 0.18 kcal/mol less stable than PRS. The slight difference prompted that conformational
transition between active state and PRS would easily achieve through Cβ-Cγ bond rotation.

In conclusion, a conformational transformation between POS and PRS was accomplished through
dihedral flip and conformation adjustment, and the energies on POS, active state, and PRS were
computed to understand the reaction process.

2.3. Hydrophilic and Hydrophobic Interactions in Pima-TE System

Based on MD simulations, hydrogen bonding and hydrophobic interactions between pima-TE
and substrate were studied. As exhibited in Figure 5, in PRS, loop l1 (residue 170–177) played a
crucial part in fastening the substrate. The atoms O2, O3, O4 or O5 were anchored by H172 (13.35%),
T177 (15.20%) and Q174 (4.55%) without fixed pattern. Residue Q29, stretching downward from the
lid region, served as a crane to lift up O6 and gave rise to an erected molecule (39.26%). The main
chain of M210 fixed O4 at the center of the molecule (28.56%), while its side chain laid parallel to
the hydrophobic area of conjugated polyene (99.92%). The hydrophobic segments of T73, L183 and
Y180 were also oriented towards the polyketide chain and worked jointly to conserve a water-free
sub-environment with frequencies of 94.88, 89.27 and 78.50%, respectively.

Under the circumstance of POS, Q29 (19.38%) and H172 (10.71%) assisted the intermediate
erection, except for this time the molecule slighted twisted to stabilize the intra-molecular hydrogen
bond, which enabled S33 from the lid region to contribute in the hydrogen bonding network (8.90%).
Identical to PRS, M210 again assumed the role of both a hydrophilic stake (56.98%) and a hydrophobic
driving force (99.28%). Besides Y180 (36.17%) and L183 (57.06%) as in PRS, L213 also participated in
hydrophobicity maintenance (25.43%).
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Figure 5. Hydrogen-bonding and hydrophobic interaction network variations in PRS and POS.
(a) Proportion of top-ranked hydrogen bonding interactions. (b) Diagram of protein-substrate
interaction produced by ligplot+ [28]. Backbone of the polyketide substrate was colored in yellow,
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In a word, binding modes of pimaricin polyketide with TE shared considerable similarity between
PRS and POS, with Q29, M210 and residues on loop l1 interacting with the chain via hydrogen bonding,
and M210, Y180, and L183 contributing to hydrophobic network.

2.4. Key Residues Analyzed Via Mutant Simulations

2.4.1. Mutation 1-Q29A

According to the analyses of wild type simulations, Q29, located at lid region of pima-TE,
could mediate the distance O7-NεH261 within a favorable range through bonding with O6 of substrate.
When mutated to Ala, with Q29’s side chain shortened and hydrogen bond abolished, it was speculated
that the substrate would fall off from its original position. Here, the distance between O6 and Cα of
Q/A29 (designated as O6-CQ/A29) was utilized to depict the substrate’s spatial displacement. As shown
in Figure 6, the distance O6-CQ/A29 fluctuated acutely in Q29A trajectory md2 and md3, with the
substrate either overlength (2I, 3I), hydrogen bonding to other residues (3II), or drifting aimlessly (2II,
3III). The erratic change also decreased PRS formation by a large margin (4.37% vs. 0.54%, Table S1).
On the other hand, POS was observed in Q29A md1 with a frequency of 80.84% (1I, 1II).
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effect on loop l1 seeking hydrogen bonding, and gave rise to a shrinking channel exit, while a bigger 
exit would be favored in product release. Taken together, M210 was crucial in maintaining the 
polyketide chain in between αL2 and αL3, which was conduced to protein-substrate interaction and 
an advantageous channel exit shape. 

Figure 6. Instability of polyketide conformation. (a) Distance O6-CQ/A29 in wild type md4 and Q29A
md1–3 along with conformation transformation. (b) Diagram of distance O6-CQ/A29.

From our perspective, Q29 could regulate hydrogen bond O7-NεH261 and PRS formation by
binding the substrate position with a hydrogen bond, while having little effect on POS.

2.4.2. Mutation 2-M210G

To validate M210’s function in hydrophobic interaction network, M210 was mutated into Gly.
The substrate backbone’s distance RMSD (dRMSD) was calculated with the first frame as a reference.
As seen in Figure 7, the larger dRMSD signified variation in substrate conformation, and its irregularity
suggested volatility. Furthermore, new patterns of hydrogen bonding were observed in mutant
(Figure 7): In md1, the polyketide chain leaned towards αL3 and interacted with N214 (23.08%);
in md2 and md3, the substrate slightly rotated and bonded with D179 on αL2 (76.35% and 87.10%).
Having lost M210 as a hydrophobic barrier, the polyketide chain would adjust its position, and M206
from the neighboring cycle of αL3 exhibited hydrophobicity. Owing to the altered interaction network,
it was hard for the substrate to attain PRS as in wild type complex (4.37% vs. 0.72%).

Specifically, the aforementioned conformational change of substrate also produced a similar
effect on loop l1 seeking hydrogen bonding, and gave rise to a shrinking channel exit, while a bigger
exit would be favored in product release. Taken together, M210 was crucial in maintaining the
polyketide chain in between αL2 and αL3, which was conduced to protein-substrate interaction and
an advantageous channel exit shape.
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2.4.3. Mutation 3-R186F & R186Y 

As a residue containing multiple hydrophilic groups, R186 bonded with O7 for a rather high 
probability in wild type complex simulations. As seen in Figure 8a, in md1–3, high frequency of O7-
NR186 bonding could account for the scarce existence of O7-NεH261 interaction. To promote PRS 
formation, R186 was firstly mutated to Phe. 

Figure 7. Conformational change of intermediate change upon M210 mutation. (a) Distance RMSD
(dRMSD) value of substrate backbone in wild type md4 and M210G (lightpink for wild type, lightblue,
slate and tv_blue for M210G md1–3). (b) Diagram of the dominant structure in each trajectory.

2.4.3. Mutation 3-R186F & R186Y

As a residue containing multiple hydrophilic groups, R186 bonded with O7 for a rather high
probability in wild type complex simulations. As seen in Figure 8a, in md1–3, high frequency of
O7-NR186 bonding could account for the scarce existence of O7-NεH261 interaction. To promote PRS
formation, R186 was firstly mutated to Phe.

To our disappointment, the frequency of PRS formation did not improve (4.37% vs. 1.64%).
It was determined that E80 was coupled with R186 and R266, to pose a spatial barrier at the
entrance and prevent the admission of other substrate, while functionally maintaining the closure and
hydrophobicity of substrate pocket. Nevertheless, when R186 was mutated to Phe, a crack appeared
(Figure 8b), and frequency of E80-R266 interaction was lowered as well (Table S2). Worse still, lacking
the tying force, the distance CαF186-CαE80 also increased, implying a larger entrance (Figure 8c).

Based on our findings, pima-TE was re-modified into R186Y mutant. This time, we endowed
a hydroxyl to the side chain of mutated residue to bond with E80, while the remainder stayed
hydrophobic. We were more than pleased to find a significant rise in PRS ratio (4.37% vs. 18.14%),
with Y186-E80 bonding partly restored (Table S3). Of particular note, a close-to-reaction PRS
conformation appeared in md3 and maintained for over 10 ns, with the terminal methyl oriented
towards the entrance and forcing O7 closer to C1 (Figure 8d). We thus regard R186Y as a promising
modification towards pimaricin productivity advancement.
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As presented by Koch et al. [29], compared with pikromycin synthase (PICS)-TEWT, PICS-TES148C 
could promote macrocyclization efficiency by over 300%. Therefore, pima-TES138C mutant were 
subjected to MD simulations to study whether the superiority of Cys over Ser applied in pima-TE as 
well. After the clustering analysis, the dominant polyketide structure of each S138C trajectory 
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after R186F mutation. (c) Coupling and non-coupling states of three entrance residues (R/F186, E80 and
R266) located on different structure elements. (d) A favorable PRS emerged in R186Y md3.

2.4.4. Mutation 4-S138C

As presented by Koch et al. [29], compared with pikromycin synthase (PICS)-TEWT, PICS-TES148C

could promote macrocyclization efficiency by over 300%. Therefore, pima-TES138C mutant were
subjected to MD simulations to study whether the superiority of Cys over Ser applied in pima-TE
as well. After the clustering analysis, the dominant polyketide structure of each S138C trajectory
demonstrated unbelievable similarity (Figure S3). As seen in Figure 9, S138C frames were significantly
more concentrated in the conducive range for reaction compared to wild type ones, suggesting potential
catalytic advantage. However, due to O→S atomic radius enlargement, bond length involving O/S
increased by 0.3 Å, and 0.5 Å, respectively, and distance O7-C1 would mostly gather around 5.5 Å in
mutated complex. The density of advantageous conformations in S138C system strongly suggested
the favorability of this mutation.

2.5. Study on TE’s Effect on the Release of Pimaricin Product

The binding energy between pima-TE and polyketide product was calculated with MM/PBSA
program (Figure 10a). In study of product (i.e., MOL) movement across the channel, distance between
its mass center and CαS138 was measured (Figure 10b). As a result, the product migrated towards the
exit for approximately 4 Å in md1, while it hardly moved in others. Therefore, md1 was regarded to
have a tendency of product release, and the other two disclosed the stabilization effect produced by the
protein. Energy decomposition revealed residues around the exit to play key parts in protein-product
interactions (Figure 10c), and to assume important roles in product release. (Figure S4)
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Next, a careful analysis was conducted on the disengagement of product in md1, and three 
patterns of hydrogen bonding between Q29 and product were generalized (Figure 11). For the first 
25 ns, the product remained its original state and O6 from the product ring continued bonding to Q29 
(I). Afterwards, in cooperation with Q29’s side chain turnover (II), the ring lied down a little and 
interacted with Q29 from the right (III). Then, the free hydroxyl on Q29 (OE1) grasped O2 from the 
other side of the molecule, further enabling the molecule to lie flat (IV). In a word, steps II-III and III-
IV played decisive roles in altering the product’s layout and pulling the product farther away from 
the active site. Due to distinguished distribution of hydrophilic and hydrophobic areas on protein, 
rotation of the product might partly attenuate its interaction with peripheral residues, and impel the 
product’s departure. 

Figure 10. MM/PBSA analysis on the outward trend of macro-lactone product. (a) Binding energy
between pima-TE and product ring. (b) Distance between ring mass center and CαS138. (c) Residues
with top-ranked van der Waals (VDW) and electrostatic contributions to binding free energy.
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Next, a careful analysis was conducted on the disengagement of product in md1, and three
patterns of hydrogen bonding between Q29 and product were generalized (Figure 11). For the first
25 ns, the product remained its original state and O6 from the product ring continued bonding to
Q29 (I). Afterwards, in cooperation with Q29’s side chain turnover (II), the ring lied down a little and
interacted with Q29 from the right (III). Then, the free hydroxyl on Q29 (OE1) grasped O2 from the
other side of the molecule, further enabling the molecule to lie flat (IV). In a word, steps II-III and
III-IV played decisive roles in altering the product’s layout and pulling the product farther away from
the active site. Due to distinguished distribution of hydrophilic and hydrophobic areas on protein,
rotation of the product might partly attenuate its interaction with peripheral residues, and impel the
product’s departure.Int. J. Mol. Sci. 2019, 20, x FOR PEER REVIEW 12 of 18 
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Figure 11. Diagram of product movement in substrate channel in md1. (a) Three hydrogen bonding
modes between Q29 and MOL and their transformation. (b) Spatial location of H187 with respect to
MOL. (c) Distance H187-MOL in md1.

On the other hand, H187 seemed to provide thrust towards the release of product (Figure 11).
Distance between the mass center of H187 and product ring shrank along the simulation, revealing
established hydrophobic interaction between the imidazole of H187 and terminal methyl on the
product (Figure 11).

Taken together, after cyclization, the product would stay in the vicinity of active site for a while due
to van der Waals (VDW) and electrostatic interactions from peripheral residues. Later on, the product
layout was altered by molecule rotation, varied hydrogen bonding, etc., which impaired the spatial
constraint, and caused the ring to gradually migrate towards the exit, with Q29 hydrogen bonding as a
driving force and H187 as a rear helper.
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3. Discussion

Due to the limitation of experimental instruments, present computational strategies combining
homology modeling, molecular docking, MD simulation, and QM/MM calculation have been
extensively utilized to provide insight into atomistic details in protein-substrate recognition and catalytic
mechanism. Over recent years, packages and software [30–32] to study protein- substrate interaction
have sprung up relentlessly, and MD simulation has become a regular routine herein [33–35].

In this work, MD simulations were carried out on pima-TE-substrate/product complexes.
Residues playing critical roles in product recognition, assembly, and release were uncovered through
hydrogen bonding and hydrophobic interaction network analysis, which could be obtained from
representative conformations of trajectories, as well as decomposition of MM/PBSA binding energy.
Q29 and M210 might contribute to tight binding effect, and the structural correlation between protein
and substrate was reduced once they were eliminated. R186 was uncovered to maintain pocket
hydrophobicity yet distract the substrate from a proper position, and its mutation to Tyr could benefit
macrocyclization by raising the proportion of advantageous conformation. The computer-aided
methods could provide theoretical basis to enzyme clarification.

Since the transition states of enzyme catalysis were hard to obtain in silico, we chose pre-reaction
state (PRS) as an evaluation indicator. According to our previous research [26,36], PRS was the very
prior stage of macrocyclization in terms of both structure and energy, and its formation was decisive
to TE cyclization. The proportion of PRS was regarded as the degree of reaction readiness. Besides,
PRS proportion was used in mutated systems as well to help elucidate the functions of these residues
and speculate their effect on TE activity. However, a more accurate account of the mutation required
explanation in energy and experimental verification as well.

To conclude, the study approach applied in our work involved protein-substrate interaction,
residue targeting, and mutation analyses with PRS occurrence as an indicator. The strategy could
provide structural rationale for TE-substrate complex and guide future experiments on design of
efficient protein mutants or novel compounds.

4. Materials and Methods

4.1. System Preparation

Given the unavailability of pima-TE crystallization data from Protein Data Bank (PDB), initial
structure of pima-TE was produced through homology modeling with PICS-TE [37] (PDB: 2H7Y) as a
template (sequence similarity: 48.1%). Twenty pima-TE models were generated in the discovery studio
3.5 [38]. The one with the lowest total energy was selected, and its stereochemical quality was further
validated by Procheck [39], with 93.7% of its residues falling in the most favored region.

Considering the extensively-acknowledged catalytic process of pimaricin PKS, the mature
pimaricin product was disconnected at carbonyl C1, and the lactonic ring as well as exocyclic
mycosamine were removed. Furthermore, carboxyl on C12 was also substituted by a methyl.
The precursor was optimized with Gaussian09 [40] AM1 method [41], after which the buckled
conformation still sustained. The energetically-stabilized substrate was then covalently bonded
to active site Ser138 on pima-TE model, with a hydrogen bond forming between its terminal hydroxyl
and Nε of active site His261. Protonation state of His261 was altered to HID to facilitate PRS formation.
The polyketide-bound acyl-enzyme intermediate was utilized as the initial structure of MD simulations.

During the preparation of the system parameters, an N-terminal cap (-CO-CH3) and a C-terminal
cap (-NH-CH3) were firstly added onto the Ser138 to block its ends. Conformational optimization at
the level of HF/6-31G(d) was then employed on the intermediate, and its electrostatic surface potential
(ESP) charge was computed. Afterwards, a two-step restrained electrostatic potential (RESP) model
was applied to determine charge distribution on the substrate. Finally, two prior-added caps were
removed, and parameters for the intermediate were generated by the Antechamber package, on the
basis of which topology files for protein-substrate complexes were prepared with tleap module in
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AMBER 14. Through tleap, pima TE-substrate system was placed in an octahedral TIP3P water box [42],
with 12 sodium ions added to maintain charge neutralization.

4.2. Molecular Dynamics Simulation

Starting from the solvated polyketide-bound acyl-enzyme intermediate, classical molecular
dynamics simulations were carried out utilizing AMBER14 [43] ff03.r1 force field [44]. The system
was firstly subjected to 10,000 steps of steepest descent energy minimization followed by 1000
cycles of conjugate gradient minimization with bonds involving hydrogen constrained by SHAKE
algorithm [45], and then another 10,000 steps of steepest descent energy minimization followed by 5000
cycles of conjugate gradient minimization with no constraint exerted. The system was then gradually
heated from 0 to 300 K through 25000 iterations. After a 200ps-equilibrium in NPT ensemble, five 50-ns
simulations (300 K, 1 atm) with different random seeds were conducted. The VDW interactions were
cut off at 10 Å and long-range electrostatic interactions were calculated with particle mesh Ewald
(PME) method [46]. Analyses of trajectories were performed using cpptraj in Ambertools14.

4.3. Quantum Mechanics/Molecular Mechanics) Calculation

Quantum mechanics/molecular mechanics (QM/MM) calculations were performed with a
two-layered ONIOM method [47,48] in Gaussian09 program. Geometrical snapshots from the
dominant MD cluster were extracted as PRS, active state, and POS, and were further subject to
geometry optimization. The quantum mechanical (QM) layer consisted of side chains of active
site triad (Ser138, Asp166 and His261) and the polyketide chain, which added up to 96 atoms and bore
one negative charge. The optimization process was carried out under M06-2X [49] functional and basis
set 6-31G(d) [50].

4.4. Simulation of Site Mutation Proteins

Based on the analyses, M210 and Q29 were selected as key residues in protein-substrate interaction.
Considering the optimization of pima-TE, R186 was mutated to Phe and Tyr in succession to reduce its
interference against PRS formation. In accordance with a previously published article of Koch et al. [29],
S138 was also mutated to Cys to examine pima-TES138C’s effectiveness. Single site mutation was
employed directly on the initial structure of wild type pima-TE, and all mutants (M210G, Q29A, R186F,
R186Y, S138C) went through 30–50 ns simulations following identical procedures as mentioned in
Section 4.2.

4.5. Free Energy Calculation and Conformational Stability Analysis

The polyketide chain, which was extracted from dominant structure in wild type md4,
was manually rang up and subjected to conformational optimization with Gaussian 09 AM1 method.
The optimized product was then docked into the channel with C1 adjacent to the active site. After the
model construction, 3 × 50 ns MD simulations was carried out with AMBER14 program.

After clustering analysis in cpptraj, a 20 ns segment with dominant conformation was extracted
from each trajectory, and was further subject to a molecular mechanics Poisson-Boltzmann surface
area [51] (MM/PBSA) calculation to estimate the free energy difference (∆Gtot) between bound and
detached states of product-protein complexes in solution. The MMPBSA.py program in AMBER14
was performed, and the free energy discrepancy was decomposed to peripheral residues in terms of
hydrophobic and electrostatic forces. Table 1 lists the number and duration of all MD simulations
utilized in the study.
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Table 1. List of MD Runs Performed.

Substrate
Type Name System No. of Runs

Per Complex
Length Per

Run (ns)

Polyketide
Chain

wild type pima-TEWT + polyketide chain 5 50
M210G pima-TEM210G + polyketide chain 3 30
Q29A pima-TEQ29A + polyketide chain 3 30
R186F pima-TER186F + polyketide chain 3 30
R186Y pima-TER186Y + polyketide chain 3 30
S138C pima-TES138C + polyketide chain 3 50

Product ring pima-TEWT + product 3 50

5. Conclusions

In this paper, MD simulations were utilized as a primary tool to explore pimaricin TE catalysis on
an atomic level. Firstly, 5 × 50 ns trajectories on polyketide were conducted in search of pre-reaction
states (PRS), and transformation between POS and PRS were examined. POS was found to bear lower
energy, yet less mature conformation in comparison with PRS. Protein-polyketide hydrogen bonding
and hydrophobic interactions were deciphered, with several key residues subjected to mutations.
As discovered, Q29 was responsible for holding a polyketide hydroxyl and controlling the substrate
position, and M210 contributed to favorable protein-ligand interaction by virtue of its hydrophobicity.
R186Y might promote productivity by reducing the interference on PRS formation, and S138C could
effectively enhance the proportion of required conformations. Ultimately, the MM/PBSA program
was employed to unveil residues mediating product release, and the postulation of a mechanism of
polyketide product departure from the active site was proposed. We gave a comprehensive overview
on pima-TE catalysis, with computational methods, and offered opinions for protein engineering.
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Abstract: Cancer immunotherapy has been revolutionized by the development of monoclonal
antibodies (mAbs) that inhibit interactions between immune checkpoint molecules, such as
programmed cell-death 1 (PD-1), and its ligand PD-L1. However, mAb-based drugs have some
drawbacks, including poor tumor penetration and high production costs, which could potentially
be overcome by small molecule drugs. BMS-8, one of the potent small molecule drugs, induces
homodimerization of PD-L1, thereby inhibiting its binding to PD-1. Our assay system revealed
that BMS-8 inhibited the PD-1/PD-L1 interaction with IC50 of 7.2 µM. To improve the IC50 value,
we designed and synthesized a small molecule based on the molecular structure of BMS-8 by in silico
simulation. As a result, we successfully prepared a biphenyl-conjugated bromotyrosine (X) with
IC50 of 1.5 µM, which was about five times improved from BMS-8. We further prepared amino acid
conjugates of X (amino-X), to elucidate a correlation between the docking modes of the amino-Xs
and IC50 values. The results suggested that the displacement of amino-Xs from the BMS-8 in the
pocket of PD-L1 homodimer correlated with IC50 values. This observation provides us a further
insight how to derivatize X for better inhibitory effect.

Keywords: PD-1/PD-L1; immune checkpoint inhibitors; biphenyl-conjugated bromotyrosine; amino
acid conjugation; amino-X; in silico simulation; IC50

1. Introduction

Immunotherapy has recently emerged as a fourth modality for cancer therapy, together with
surgery, chemotherapy, and radiation therapy [1–4]. The immunotherapy promotes T-cells to kill cancer
cells by the blockade of immune checkpoint pathways [5,6]. One of the major immune checkpoint
pathways is inactivated by the binding of programmed cell-death 1 (PD-1) [7], which is largely
expressed on T cells, and its ligand PD-L1 [3,8,9], which is mainly expressed on antigen-presenting
cells under physiological conditions but is upregulated on cancer cells [10]. PD-L1 binding to PD-1
suppresses T-cell function, including cytolytic activity, leading to downregulation of the anti-tumor
immune response [2,5]. Another immune checkpoint is mediated by binding of the ligands B7-1/2
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(CD80, CD86) on activated antigen-presenting cells or cancer cells to cytotoxic T-lymphocyte-associated
protein 4 (CTLA-4) on T cells, which also suppresses T-cell activity [11,12]. Identification of
these immunosuppressive pathways led to the development of monoclonal antibody (mAb)-based
cancer therapies that inhibit PD-1/PD-L1 or CTLA-4/B7 pathways, thereby reinvigorating the host
anti-tumor immune response [2,13–17]. Among the therapies currently approved for clinical use
are the anti-CTLA-4 mAb ipilimumab (Yervoy®), which was the first immune checkpoint inhibitor
to demonstrate an anti-cancer effect [18,19], and the anti-PD-1 mAb nivolumab (Opdivo®) [20].
In addition to these and other approved mAb-based immune checkpoint inhibitors [21], many others
are currently in clinical trials for various cancers and immune-based diseases [22–25].

Protein-based drugs such as mAbs have some important drawbacks, such as high production
costs associated with the preparation of biologicals [26], poor tumor penetration due to their large
molecular weights (~150 kDa) [27], and unexpected post-translational glycosylation patterns [28].
Small molecule drugs, which are generally orally active and can overcome many of the challenges
associated with protein drugs, are therefore being pursued as attractive alternative immune checkpoint
inhibitors [28,29].

Until now, Bristol-Myers Squibb (BMS) has disclosed the patent claim [30] with structures of a
number of BMS compounds, which are the potential inhibitors of the PD-1/PD-L1 pathway. Previous
works have shown that one of the BMS compounds, BMS-8, binds directly to PD-L1 and induces
formation of PD-L1 homodimers, which in turn prevents the interaction with PD-1 [31]. In the patent
claims, the homogenous time-resolved fluorescence (HTRF) assay report that BMS-8 has a sub µM
order of IC50, 0.146 µM [30], with other BMS compounds [32]. In this study, however, our amplified
luminescence proximity homogeneous assay (Alpha) measured the IC50 of BMS-8 as 7.2 µM. Therefore,
we aimed to prepare higher affinity compounds by taking the advantage of the complex structure
of BMS-8/PD-L1 [31] with in silico simulation [33–35]. Figure 1 shows our strategies to improve the
affinity of BMS-8. We used fragmented structures of 3-hydroxymethyl-2-methylbiphenyl (1) and
3-bromotyrosine (2). After conjugation of 1 and 2, a biphenyl-conjugated bromotyrosine (denoted
as X) was synthesized. Because an amino and carboxyl group included in X, it could be conjugated to
various amino acids. [36,37]. During the procedures, we employed in silico simulation and IC50 assay
to reveal molecular mechanism of the inhibition.
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was synthesized after conjugation of 1 and 2. We conjugated a variety of amino acids as additions,
to the amino- and carboxyl-groups of X to reveal molecular mechanism of the inhibition.
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2. Results

2.1. In Silico Docking Simulation and Organic Chemistry Synthesis of a Biphenyl-Conjugated Bromotyrosine

We designed a biphenyl-conjugated bromotyrosine (denoted as X), based on the BMS-8.
We docked X into the crystal structure of BMS-8/PD-L1AB complex (PDB ID: 5J8O) [31] using
ICM 3.8-7 software (Molsoft L.L.C., San Diego, CA, USA) [33–35], without guidance and induced
fitting to avoid over-fitting. We obtained the docking score of −42.96 for X, which was the
same order of BMS-8, −49.5 (Table 1). Based on the scores, we confirmed the potential of X for
inhibition. Therefore, we synthesized X by the organic chemistry procedures. Scheme 1 shows
the synthetic route for a biphenyl-bromotyrosine 6. Full synthesis details are provided in Materials
and Methods. The C- and N-terminals of 3-bromotyrosine (2) were first protected by tert-butyl and
fluorenylmethyloxycarbonyl (Fmoc) groups, respectively, to produce the amino acid 4, which was
then reacted with 3-hydroxymethyl-2-methylbiphenyl (1) through the Mitsunobu reaction to yield
compound 5. Deprotection of the tert-butyl group in compound 5 produced the Fmoc-protected
amino acid 6. Deprotection of the Fmoc group in 6 yielded the compound X. Peptide conjugates were
obtained by solid-state peptide synthesis using compound 6. 1H NMR spectra of the compounds are
shown in Figures S1–S4. A summary of the analytical data for the synthesized compounds is given
in Table S1. The analytical data indicate the successful synthesis of X and 29 amino-X derivatives
consisting of 2-mers (GX, XG, XS, XR, XA, XW), 3-mers (YXC, WXG, QXQ, CXA, RXN, SXR, NXR,
CXR, GXG, XNL, XNH, XHP, XGG), 4-mers (XCSE, XGGG), 5-mers (WRXNN, ERXNK, WRXNQ,
XRRRR, XGGGG), 6-mer (XGGGGG), and 7-mers (CERXNKM, FWRXNNI).
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Table 1. Docking simulation and IC50 measurements of BMS-8 and amino-Xs.

Amino Acid Length Sequence Score RMSD (Å) IC50 (µM)

- BMS-8 −49.5 - 7.2

1 X −42.96 0.40 1.5

2

GX −41.0 0.52 448.5

XG −46.9 0.28 2.1

XS −42.1 0.60 2655.0

XR −45.7 0.37 892.0

XA −43.1 0.47 22.3

XW −43.3 0.51 845.0

3

YXC −37.1 0.46 465.0

WXG −50.6 0.48 404.8

QXQ −37.7 0.73 1961.0

CXA −42.0 0.48 665.0

RXN −40.3 0.63 405.3

SXR −36.7 0.58 796.0

NXR −50.3 0.46 982.0

CXR −41.5 0.54 550.0

GXG −43.6 0.39 676.0

XNL −43.0 0.58 855.0

XNH −40.7 0.50 313.0

XHP −33.5 0.55 359.0

XGG −36.1 0.57 6505.0

4
XCSE −32.6 0.45 1555.0

XGGG −53.3 0.51 6766.0

5

WRXNN −38.1 0.38 157.4

ERXNK −21.3 0.48 15.6

WRXNQ −19.4 0.49 163.2

XRRRR −28.3 0.45 435.6

XGGGG −41.8 0.75 647.5

6 XGGGGG −45.3 0.48 846.0

7
CERXNKM 4.65 1.80 308.2

FWRXNNI −7.30 0.41 311.8

2.2. Inhibition Assays of PD-1/PD-L1 Binding by BMS-8 and X

To evaluate the binding affinities of the compounds for PD-L1, we used the amplified luminescence
proximity homogeneous assay (Alpha) by using the AlphaLISA® assay kit [38]. This assay is based
on photoinduced energy transfer between donor and acceptor beads conjugated to PD-1 and PD-L1,
respectively (Figure S6).

The AlphaLISA® assay revealed that the intermediates of X, compounds 1–6, showed a few
hundred µM or weaker IC50 values (Figure 3). BMS-8 inhibited the PD-1/PD-L1 interaction with IC50

of 7.2 µM (Figure 2), which was weaker than that previously reported, IC50 of 0.146 µM [30]. On the
other hand, nivolumab showed nano-molar order of inhibition (IC50 = 5.1 nM, Figure 2), corresponding
to the previously reported value [39], which suggests the validity of our assay system.
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Figure 2. Inhibition of PD-1/PD-L1 interaction by BMS-8 and nivolumab measured by the
AlphaLISA® assay.

2.3. Fragmentation of BMS-8 and Conjugation of Compounds to Prepare X

To prepare higher affinity compounds based on BMS-8, we first considered a scenario that smaller
groups of BMS-8, compounds 1–6 (Scheme 1), showed better inhibitory effect for PD-1/PD-L1 PPI.
The docking scores of the compounds, however, were larger than that of BMS-8 (−49.5), suggesting
pooper inhibition effect. Actually, AlphaLISA assay revealed that the IC50 values were a few
hundred µM, which were much weaker than that of BMS-8 (7.2 µM) (Figure 3).
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Figure 3. Docking scores, IC50 values and measurements of compounds 1–6. All compounds showed
larger scores than that of X (score = −42.96) with a few hundred µM of IC50 values.

Therefore, we considered the next scenario of conjugation of compounds; we conjugated compound
4 and compound 1 to prepare biphenyl-bromotyrosine (X), which resembled BMS-8 except the terminal
amino- and carboxyl-groups. In turn, X showed a docking score of −42.96, comparable to that of
BMS-8 (−49.5). In fact, X inhibited PD-1/PD-L1 PPI with IC50 = 1.5 µM (Figure 4), which was five
times better than that of BMS-8 (7.2 µM).
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Figure 4. AlphaLISA assay of X. X shows IC50 = 1.5 µM with docking score = −42.96.

2.4. Docking Simulation and Inhibition Assay of Amino-Xs

The binding mode of the BMS compounds and derivatives to PD-L1 has previously been revealed
by X-ray crystallography [31,40–42]. BMS compounds induces transient homodimerization of PD-L1AB

on the binding, which masks the binding site for PD-1 located in the homodimerization interface.
We docked amino-Xs to the crystal structure of BMS-8/PD-L1AB complex (PDB ID: 5J8O) [31], using
ICM 3.8-7 software (Molsoft L.L.C., San Diego, CA, USA) [33–35], without guidance and induced
fitting to avoid over-fitting. After the docking, we calculated the root mean square deviation (RMSD) of
distances between atoms in compound BMS-8 and X, excluding Cα, NH2, and COOH atoms (Figure 5).
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Figure 5. Root mean square deviation (RMSD) calculation between amino-X and BMS-8 bound to
PD-L1AB homodimer. After docking of amino-X (in this case, WXG), we calculated RMSD between a
part of WXG (excluding Cα, amino-group and carboxyl-group) and the corresponding part of BMS-8,
as shown by the red dotted-rectangle.

Table 1 shows the docking scores and RMSD values for amino-Xs docked to PD-L1AB. Also,
the IC50 values for the amino-Xs are listed in Table 1. As a result, they suggested some positive
correlations. The IC50 values of the 1–2-mer amino-Xs showed moderate correlations with both the
RMSDs (CC 0.67, Table 2) and the scores (CC 0.40, Table 2). However, these correlations weakened as
the number of conjugated amino acids increased (RMSD from 0.67 to 0 and CC 0.40 to −0.20, Table 2).
These results suggest that the current in silico docking worked better for amino-Xs conjugated with
shorter amino acids.

Table 2. Correlation coefficients (CC) for IC50 vs. Score and IC50 vs. RMSD.

Length CC of Score/IC50 CC of RMSD/IC50

1-2 0.40 0.67

1-3 0.35 0.37

1-4 0 0.28

1-7 −0.20 0

CC values were calculated by the Microsoft Excel.
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To discuss the correlations further, we compared the docking structures of X (IC50 = 1.5 µM),
XG (IC50 = 2.1 µM), and GX (IC50 = 448.5 µM).

We compared the binding modes of BMS-8 and X in the pocket of PD-L1AB homodimer (Figure 6).
BMS-8, with IC50 of 7.2 µM (Figure 2), binds the pocket with a hydrogen bind to Q66A and a
hydrophobic interaction with V68A (Figure 6A), respectively. On the other hand, X forms a hydrogen
bond with the hydroxy group of the side chain of Y56A, which stabilizes the binding (Figure 6A), with
IC50 of 1.5 µM (Figure 4). The superposition of X onto BMS-8 showed an RMSD displacement of 0.40 Å
(Figure 6B) We conclude that binding of X would not markedly impede PD-L1 homodimerization,
which is consistent with its relatively low IC50 value of 1.5 µM (Figure 4). These results suggest
that we can improve an IC50 value by substituting the six-membered group of BMS-8 with some
proper groups, leading to rearrangement of interactions around it. Besides, smaller displacement of
biphenyl-bromotyrosine portion shown by RMSD is preferable for higher affinity.

Figure 6. Docking conformations of BMS-8 and X. (A) The docking modes of BMS-8 and X were
revealed by the X-ray crystallography and in silico docking simulation, respectively, which the 2D
binding pictures. The 2D figures show that biphenyl portions of the ligands bind into the pocket by
hydrophobic interactions shown in light-green color. In contrast, the amino cation at the six-membered
ring of BMS-8 makes a hydrogen bond with the sidechain of Q66A in cyan color. In addition,
the six-membered ring makes hydrophobic interaction with V68A. On the other hand, amino-group
of bromo-tyrosine in X makes a hydrogen bonding to the hydroxyl group of Y56A colored in cyan,
without other hydrophobic interaction, as shown in the 2D picture. (B) BMS-8 and X without Cα, NH2,
and COOH superposed each other with RMSD of 0.40 Å.

Modeling of XG identified two potential hydrogen bonds between the N-terminal of XG and the
side chain of Q66A and between the carboxyl group of Gly and R125B in the side chain (Figure 7A).
The RMSD between XG and BMS-8 was 0.28 Å (Figure 7B), which suggested that the IC50 value of
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XG would be similar to that of X. Indeed, XG had a measured IC50 for PD-1/PD-L1 binding of 2.1 µM
(Figure 7C). X and XG potentially have the inhibitory effect for PD-1/PD-L1 interaction because KD

between PD-1 and PD-L1 are reported as 6.4 µM [43].Int. J. Mol. Sci. 2019, 20, x FOR PEER REVIEW 9 of 17 
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Figure 7. In silico binding mode of XG. (A) Behavior of XG in the binding pocket of the PD-L1AB

homodimer. (B) Superposition of XG onto BMS-8. The RMSD for displacement was 0.28 Å. (C) IC50 of
XG for PD-1/PD-L1 binding.

GX docking into the binding pocket of the PD-L1 homodimer revealed two hydrogen bonds
formed between GX amino groups and carbonyl group of Y123B (Figure 8A). As a result, the calculated
RMSD between GX and BMS-8 was 0.52 Å (Figure 8B), which was larger than the RMSD of X and
XG. This observation suggests that GX binding might sterically hinder PD-L1 homodimerization,
leading to poorer inhibition of PD-1/PD-L1 binding. Consistent with this, the measured IC50 for GX
was 448.5 µM (Figure 8C), which was several hundred times higher than those for X and XG ( Figure 4;
Figure 7C). It is possible that the larger displacement of X of GX caused to deform the pocket of the
PD-L1 homodimer, leading to the weaker inhibition of GX than those of X and XG.
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homodimer. (B) Superposition of GX onto BMS-8. The RMSD for displacement was 0.52 Å RMSD.
(C) IC50 of GX for PD-1/PD-L1 binding.

The X portion of BMS-8 without Cα, NH2, COOH atoms formed hydrophobic interactions in
the crystal structure (PDB ID: 5J8O), with residues I54A, Y56A, V68A, M115A, I116A, S117A, A121A,
D122A, I54B, Y56B, M115B, I116B, S117B, A121B, D122B, and Y123B of the PD-L1 homodimer (Figure 9A).
The space-filling representation of X shows the adherent interaction mode to the binding pocket
(Figure 9B,C). The intermediate compounds of BMS-8, compounds 1–6 (Scheme 1) showed a poor
ability to inhibit PD-1/PD-L1 binding (Figure 3), which was probably due to insufficient hydrophobic
filling of the compounds in the binding pocket.
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Figure 9. Schematic drawing and space-filling representation of BMS-8 binding in the binding pocket
of the PD-L1 homodimer. In (A–C), violet represents X without Cα, NH2, COOH atoms. (A) Binding
mode of BMS-8 in the pocket of the PD-L1AB homodimer (PDB ID:5J8O). Yellow and cyan represent
PD-L1A and PD-L1B side chains, respectively. (B) Space-filling representation of BMS-8 bound to the
surface of PD-L1A (yellow) and contact area with PD-L1B (cyan). (C) Space-filling representation of
BMS-8 bound to the surface of PD-L1B (cyan) and contact area with PD-L1A (yellow).

Collectively, our results suggest that the larger displacement of amino-Xs from BMS-8 prevents
PD-L1A/PD-L1B homodimer formation. The docking simulations suggest that X and GX promote
homodimerization of PD-L1, resulting in low IC50 values, whereas the larger displacement of amino-Xs
prevents PD-L1 homodimer formation and increase the IC50 values.

The results of this study advance our understanding of how small molecule compounds could
be rationally designed to inhibit PD-1/PD-L1 interactions with high affinity. In silico docking
simulations have typically shown that target proteins have stable binding pockets during ligand
binding, even allowing for some local flexibility of the side chains within the pockets [37,44]. In that
scenario, binding scores generally correlate well with experimentally determined inhibitor activity [45].
However, binding of X and amino-X in the PD-L1 pocket occurs through strict interactions, indicating
that even a slight displacement of the X conformation leads to deformation of the PD-L1 homodimer,
which deceases the inhibitory effect. Consistent with this, the amino-Xs with shorter amino acid
conjugates showed moderate positive correlations between the measured IC50 values and RMSDs
in the no template/flexible docking mode, whereas the correlation was weakened by further amino
acid addition.

3. Materials and Methods

3.1. Materials for Organic Chemistry Synthesis

Sodium chloride (NaCl), lysozyme, monosodium phosphate (NaH2PO4), imidazole, glycerol,
reduced glutathione, oxidized glutathione, methanol, dimethyl sulfoxide (DMSO), trifluoroacetic
acid (TFA), tert-butyl acetate, perchloric acid (HClO4), hydrochloric acid (HCl), sodium carbonate,
ethyl acetate, sodium sulfate, hexane, sodium hydrogen carbonate (NaHCO3), acetone, triphenyl
phosphine (Ph3P), anhydrous dichloromethane (CH2Cl2), and anhydrous tetrahydrofuran (THF)
were purchased from Wako Pure Chemical Industries Ltd. (Osaka, Japan). 3-Bromo-tyrosine,
3-hydroxymethyl-2-methylbiphenyl, and diisopropyl azodicarboxylate (DIAD; 40% in toluene,
approximately 1.9 mol L−1) were purchased from Tokyo Chemical Industry Co., Ltd. (Tokyo,
Japan). Magnesium sulfate and CH2Cl2 were purchased from Junsei Chemical Co., Ltd. (Tokyo,
Japan). Deuterochloroform (CDCl3) was purchased from Isotec, Inc. (Miamisburg, OH, USA), and
N-[(9H-fluoren-9-ylmethoxy) carbonyloxy] succinimide (Fmoc-Osu) was purchased from Watanabe
Chemical Industries, Ltd. (Hiroshima, Japan).
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extracted with ethyl acetate. The resulting organic phase was washed with water and dried with
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-biphenyl-3-yl)methoxy]phenyl}propanoate (5). To a solution of 4 (0.1 g, 0.19 mmol),
3-hydroxymethyl-2-methylbiphenyl (1; 39 mg, 0.20 mmol), and triphenyl phosphine (57 mg,
0.20 mmol) in anhydrous THF (10 mL), DIAD (0.1 mL, 0.22 mmol) was added at 0 ◦C under
argon, and the reaction mixture was stirred at 0 ◦C for 12 h under argon. The organic phase
was extracted with CH2Cl2 and dried over anhydrous magnesium sulfate. The solvent was
then evaporated under reduced pressure, with the temperature kept below 30 ◦C. The crude
product was purified by column chromatography on silica gel (eluent: ethyl acetate/hexane
= 1:4 v/v) to yield compound 5 (0.09 g, 66%). 1H-NMR (400 MHz, CDCl3): δ = 1.46
(s, 9H, –OC(CH3)3), 2.27 (s, 3H, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
3.05 (d, 2H, J = 5.6 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
4.23 (t, 1H, J = 7.6 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 4.34
(dd, 1H, J = 6.8, 6.8 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
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2H, Biphenyl(CH3)-CH2OPh(Br)-CH2CH(NHCOOCH2CH–)–), 5.37 (d, 1H, J = 7.6 Hz,
Biphenyl(CH3)–CH2OPh(Br)-CH2CH(NHCOOCH2CH–)–), 6.92 (d, 1H, J = 8.0 Hz, aromatic
ring), 7.05 (d, 1H, J = 7.2 Hz, aromatic ring), 7.19–7.45 (m, 14H, aromatic ring), 7.53 (d, 1H, J = 6.8 Hz,
aromatic ring), 7.60 (dd, 2H, J = 6.4, 6.4 Hz, aromatic ring), 7.77 (d, 2H, J = 7.2 Hz, aromatic ring);
HRMS calculated for C42H40BrNO5 ([M + H]+): 718.2163, found: 718.2164.
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(S)-2-({[(9H-fluoren-9-yl)methoxy]carbonyl}amino)-3-{3-bromo-4-[(2-methyl-1,1’-biphenyl-3-
yl)methoxy]phenyl}propanoic acid (6). A solution of 5 (3.9 g, 5.42 mmol) in anhydrous CH2Cl2
(36 mL) was stirred at 0 ◦C under argon for 15 min. TFA (1.3 mL, 16.6 mmol) was added
dropwise to the solution at 0 ◦C, and the reaction mixture was stirred at 25 ◦C under argon.
After 6 h, TFA (1.5 mL, 19.5 mmol) was added to the reaction mixture, which was then stirred
at 25 ◦C for 18 h under argon. The solvent was removed under reduced pressure, with the
temperature kept below 40 ◦C. The crude product was purified by column chromatography on
silica gel (eluent: CH2Cl2/methanol = 97:3 v/v) to yield compound 6 (3.2 g, 85%). 1H-NMR
(400 MHz, CDCl3): δ = 2.24 (s, 3H, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
3.05 (dd, 1H, J = 14.0, 6.0 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
3.15 (dd, 1H, J = 14.8, 5.2 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–),
4.21 (t, 1H, J = 6.8 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 4.36
(dd, 1H, J = 6.8, 6.8 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 4.46
(dd, 1H, J = 10.0, 7.2 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 4.66
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(dd, 1H, J = 13.2, 6.0 Hz, Biphenyl(CH3)–CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 5.09
(s, 2H, Biphenyl(CH3)-CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 5.23 (d, 1H, J = 8.4 Hz,
Biphenyl(CH3)-CH2OPh(Br)–CH2CH(NHCOOCH2CH–)–), 6.91 (d, 1H, J = 8.8 Hz, aromatic ring), 7.03
(d, 1H, J = 7.6 Hz, aromatic ring), 7.21–7.55 (m, 15H, aromatic ring), 7.74 (d, 2H, J = 7.2 Hz, aromatic
ring); HRMS calculated for C38H32BrNO5 ([M + H]+): 662.1537, found: 662.1520.

3.3. Solid-State Peptide Synthesis

Amino-Xs were synthesized using an automated peptide synthesizer (MultiPep CF, INTAVIS
Bioanalytical Instruments AG, Cologne, Germany). The synthetic protocol for glycine-conjugated
peptide XG was as follows: Fmoc-protected glycine attached to a polystyrene resin (Fmoc-Gly
NovaSyn TGT, Merck KGaA, Darmstadt, Germany) was deprotected by piperidine (20% in
N-methylpyrrolidone (NMP). The resulting resin was reacted with 6 (99 mg, 0.14 mmol),
1-[bis(dimethylamino)methylene]-1H-benzotriazolium 3-oxide hexafluorophosphate (HBTU; 150 µL,
0.5 M in N,N-dimethylformamide (DMF), N-methylmorpholine (45 µL, 4.0 M in DMF) in NMP
(8 µL) for 45 min. After washing, the N-α-protecting group of Fmoc in compound 6 was
deprotected by piperidine (20% in NMP). Finally, the obtained peptide was cleaved from the
resin using TFA (95% in water), yielding XG. Other peptides were synthesized using a similar
method. (S)-2-amino-3-[3-bromo-4-{(2-methyl-1,1′-biphenyl-3-yl)methoxy}phenyl]propanoic acid (X)
was obtained by deprotection of Fmoc in 6 using piperidine (20% in NMP).

3.4. Characterization

The synthesized compounds were identified using 1H NMR spectroscopy (JNM–ECZ400R,
JEOL Ltd., Tokyo, Japan) and HRMS (QSTAR Elite, AB SCIEX, Framingham, MA, USA).

3.5. Determination of the IC50 Value by AlphaLISA®

3.5.1. Principle of the Competitive Binding Assay

The binding affinity of the inhibitors to PD-L1 were measured using the AlphaLISA® assay
kit (AL356 HV/C/F, PerkinElmer) according to the manufacturer’s instructions, with the anti-PD-1
mAb nivolumab (Selleck Chemicals, Houston, TX, USA) included as a positive control [41]. In this
assay, direct binding of an inhibitor to PD-L1 is detected by photoinduced energy transfer (Figure S6).
Biotin-conjugated PD-1 is attached to streptavidin-coated donor beads and histidine (His)-tagged
PD-L1 is attached to anti-His-conjugated acceptor beads. Photoexcitation of the donor beads at 680 nm
yields singlet oxygen. If PD-L1–PD-1 binding is successful, energy is transferred through singlet
oxygen, leading to an increase in fluorescence intensity at 615 nm (Figure S6).

3.5.2. Preparation of Samples

BMS-8 was purchased from AA Blocks LLC (San Diego, CA, USA). Stock solutions of inhibitors
in DMSO (stock solution A, 5 mM) were serially diluted (Figure S5A) to obtain 10 assay solutions (1–10)
with concentrations ranging from 5.0 mM to 2.6 nM (Table S2). An aliquot of solution 1–10 (2 µL) was
mixed with His-tagged PD-L1 (25 nM, 2 µL), biotin-conjugated PD-1 (25 nM, 2 µL), anti-His acceptor
beads (0.55 g L–1, 2 µL), and streptavidin-coated donor beads (1.1 g L−1, 2 µL) (Figure S5B) in a final
volume of 10 µL and incubated at 25 ◦C for 90 min. Positive and negative technical controls were
included in parallel. Positive controls contained buffer (2 µL) in place of solution 1–10, and negative
controls contained only the beads (2 µL each) and buffer (6 µL).

3.5.3. AlphaLISA® Measurement and Analysis

The reaction samples (10 µM) were placed in a 384-well microplate and photoirradiated at
680 nm from the top. Fluorescence at 615 nm was detected using an EnSpire multimode plate reader
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(Perkin Elmer, Waltham, MA, USA). IC50 values were estimated from a sigmoidal curve of fluorescence
intensity vs. inhibitor concentration using a relative weighting method (1/Y2 weighting) with GraphPad
Prism 8 (GraphPad Software Inc., San Diego, CA, USA).

3.6. Docking Simulation of Compounds

The docking simulation software ICM 3.8-7 [33] was used to investigate the binding modes of X
and amino-Xs to the PD-L1 homodimer complexed with BMS-8 (PDB ID: 5J8O) [31]. We performed
docking without template docking [37] or introducing flexibility [37] to avoid over-fitting of the ligands
into the pocket. The docking simulation supposed Monte Carlo pseudo-Brownian motion [46]. In the
simulation, the score suggests goodness of docking, defined as follows [45]:

Score = ∆EIntFF + T∆STor + α1∆EHBond + α2∆EHBDesol + α3∆EsolEl + α4∆EHPob + α5Qsize (1)

where α1–α5 = weight, ∆EIntFF = ligand–target van der Waals interactions and internal force field energy
of the ligand, T∆STor = free energy changes due to conformational energy loss upon ligand binding,
∆EHBond = hydrogen bonding interactions, ∆EHBDesol = hydrogen bond donor–acceptor desolvation
energy, ∆EsolEl = solvation electrostatic energy upon ligand binding, ∆EHPob = hydrophobic free
energy gain, and Qsize = a size correction term proportional to the number of ligand atoms [45,47,48].
We calculated RMSD values by using CORREL function in the Microsoft Excel.

4. Conclusions

This study reports that we prepared the new biphenyl-conjugated bromotyrosine, which inhibits
the PD-1/PD-L1 interaction with better effect than that of BMS-8. In addition, the amino-Xs, which
are conjugates of X with a variety of amino acids, provide the molecular mechanism how amino acid
modifications of X affects inhibition of PD-1/PD-L1 interactions. Binding of the X without the Cα, NH2,
and COOH atoms portion of amino-Xs into the PD-L1 binding pocket is required to promote transient
homodimerization of PD-L1A/PD-L1B, leading to formation of a stable ternary complex composed of
X and PD-L1AB. Amino acid conjugation, however, alters the X docking conformation in the PD-L1
pocket, reducing the IC50 values dramatically. We conclude that improper interactions between amino
acids conjugated to X and those in the binding pocket induced displacement of the compounds, thereby
reducing inhibitory effect. In the future, we plan to design conjugates with amino acids that do not
disturb the conformation of X in the PD-L1 binding pocket.
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Abbreviations

PD-1 Programmed cell death 1
PD-L1 Programmed cell death-ligand 1
PD-L1A PD-L1 chain A
PD-L1B PD-L1 chain B
PD-L1AB Homodimer of PD-L1A/PD-L1B chains
Alpha Amplified Luminescence Proximity Homogeneous Assay
X biphenyl-conjugated bromotyrosine
Amino-X Amino acid conjugated-X
MALDI-TOF MS Matrix assisted laser desorption/ionization-time of flight mass spectrometry
RMSD Root mean square deviation
KD Equilibrium dissociation constant
IC50 50% maximal inhibitory concentration
CC Correlation coefficient
HTRF Homogenous Time-Resolved Fluorescence
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Abstract: The TDP-43 is originally a nuclear protein but translocates to the cytoplasm in the
pathological condition. TDP-43, as an RNA-binding protein, consists of two RNA Recognition
Motifs (RRM1 and RRM2). RRMs are known to involve both protein-nucleotide and protein-protein
interactions and mediate the formation of stress granules. Thus, they assist the entire TDP-43 protein
with participating in neurodegenerative and cancer diseases. Consequently, they are potential
therapeutic targets. Protein-observed and ligand-observed nuclear magnetic resonance (NMR)
spectroscopy were used to uncover the small molecule inhibitors against the tandem RRM of
TDP-43. We identified three hits weakly binding the tandem RRMs using the ligand-observed NMR
fragment-based screening. The binding topology of these hits is then depicted by chemical shift
perturbations (CSP) of the 15N-labeled tandem RRM and RRM2, respectively, and modeled by the
CSP-guided High Ambiguity Driven biomolecular DOCKing (HADDOCK). These hits mainly bind
to the RRM2 domain, which suggests the druggability of the RRM2 domain of TDP-43. These hits
also facilitate further studies regarding the hit-to-lead evolution against the TDP-43 RRM domain.

Keywords: epigenetics; protein-RNA interaction; RRM domain inhibitor; NMR fragment-based
screening; TDP-43

1. Introduction

RNA recognition motifs (RRMs) play diverse roles in post-transcriptional gene expression events
such as RNA transport, localization, stability, and mRNA and rRNA processing. RRM is also known
as the ribonucleoproteins (RNP) domain, as it contains the short and conserved elements RNP1 and
RNP2, or RNA binding domain (RBD), that are abundantly distributed in higher vertebrates [1] and
ubiquitously found in all kingdoms of life, including viruses and prokaryotes. In addition, they also
participate in important functions such as microRNA biogenesis, apoptosis, and cell division [2,3].
RRMs are not only known to be involved in protein–nucleotide interactions, but also in protein–protein
interactions [4].

The transactive response DNA-binding Protein 43kDa (TDP-43) is a RRM-containing protein,
which plays important functions in mRNA metabolism regulation, including transcription repression,
exon skipping, and RNA splicing [5,6]. TDP-43 is originally a nuclear protein, but translocates
to the cytoplasm upon a pathological condition. It is a ubiquitously expressed, highly conserved,
and multifunctional RNA and DNA-binding protein [7]. TDP-43 stabilizes the mRNA of human
low-molecular-weight neurofilament (hNFL) [8]. Depletion of TDP-43 has important consequences
in essential metabolic processes in human cells, like nuclear shape deformation, apoptosis, and
misregulation of the cell cycle [9]. The disruption of TDP-43 auto-regulation impacts both localization
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of TDP-43 and its level, which results in TDP-43 accumulation in the cytoplasm. Based on its crucial
roles in RNA processing, dysfunctional TDP-43 causes some abnormalities in alternative mRNA
splicing, miRNA biogenesis, and RNA-rich granules formation [10].

The dysregulation of TDP-43 is hence associated with a variety of human diseases, especially
neurodegenerative diseases, e.g., frontotemporal lobar degeneration (FTLD), amyotrophic lateral
sclerosis (ALS), brain ischemia, aging, and Alzheimer’s disease [11–13]. For instance, in cases of
FTLD and ALS, TDP-43 is the main constituent of their ubiquitin inclusions [14]. During the stress
conditions, TDP-43 is localized in the cytoplasm, with mRNA binding to its RRM and glycine-rich
domain, and thus forms the isolated liquid compartment enriching the mRNA and proteins. Such stress
granules (SGs) in cells and in pathological brain tissue play crucial roles in FTLD/ALS pathology [15,16].
Aggregate-prone TDP-43 variants or exposure to oxidative stress generates distinct TDP-43 inclusions
devoid of SGs [17]. The toxicity of the TDP-43 overexpression requires the presence of functional RNA
Recognition motifs [18–20]. Recently, the proteinopathy of both important mutations (D169G and
K263E located at RRM1 and RRM2, respectively) was computationally explored and the mutants are
more prone to aggregation, causing neurological disorders [21].

Apart from the TDP-43 involvement in neurodegenerative diseases, an accumulating amount
of evidence suggests that TDP-43 is a cancer responsive factor. TDP-43 positively contributes to
the anticancer activity for curcumin in MCF-7 cells [22] and as a tumor suppressor by partnering
with the TRIM16 in inhibiting the viability and proliferation of neuroblastoma and breast cancer
cells [23]. In addition, normal levels of TDP-43 might be a crucial protective factor for cells under
apoptotic insult [24]. On the contrary, the TDP-43 inhibition suppressed cervical cancer cell growth
and induced cell cycle arrest while its overexpression promoted cancer cell progression and drove
the cell cycle [25]. TDP-43 may regulate melanoma cell proliferation and metastasis by modulating
glucose metabolism [26]. TDP-43 also plays an oncogenic role in malignant glioma cell progression by
stabilizing small nucleolar RNA host gene 12 (SNHG12) [27]. The findings demonstrated that TDP-43
regulates the MALAT1, a non-coding RNA overexpressed in non-small cell lung cancer (NSCLC),
through direct binding to MALAT1 RNA at the 3′ region by RRM, whose participation is compulsory.
This controls the growth, invasion, and migration of NSCLC cells [28]. Reduced tumor progression,
including proliferation and metastasis, was observed upon the knockdown of TDP-43 in triple-negative
breast cancer (TNBC) and RRM involvement is assured [29]. These studies suggest that targeting the
TDP-43 RRM domains may, therefore, be an effective therapeutic approach for neurodegenerative
diseases and cancers.

Although more is known about the TDP-43 biology and its association with neurodegenerative
and cancer diseases, the development of treatments toward TDP-43 is mostly lagging behind those
targeting other proteins involved in such diseases [30]. RRM and RNA complexes have long been
attractive targets for small molecule inhibition targeting the RNA, not the protein [31,32]. Firstly,
the aminoacridine derivative was discovered to interrupt the formation of RNA and U1A RRM1
complex [33]. Additionally, a high-throughput screening assay, based on AlphaScreen®, technology
was used to characterize DNA and RNA oligonucleotides (bt-TAR-32 and bt-TG6, respectively) binding
to TDP-43 and their interaction inhibition was assessed [34]. Later, that series of 4-aminoquinoline
derivatives were characterized for their capacity to modulate TDP-43 metabolism and function, whereby
they bind to TDP-43, reduce its interaction with the oligonucleotide, and stimulate caspase-mediated
cleavage of TDP-43 [35], but information is still lacking on the binding topology. Furthermore, some
medicinal treatment reduces the TDP-43 inclusions through the autophagy pathway were discussed [36].
However, no compounds directly targeting RRM domains of TDP-43 have been uncovered to our
best knowledge.

NMR spectroscopy is a powerful approach which has been extensively used by the pioneers in
fragment-based drug discovery for detecting molecular interactions between the target and the fragment
libraries [37–39] and to facilitate structure-based drug design [40]. Consistently, the fragment-based
screening approach has been fruitful for identifying hits for the challenging protein-protein interaction
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“hot-spots” [41–45]. We expect it shall be effective in the case of the shallow RNA binding pocket of
TDP-43 tandem RRMs.

Here, we carried out automated NMR fragment-based screening [46] to identify three hits of
the tandem RRMs of TDP-43. Chemical shift perturbations of the 15N labeled TDP-43 tandem RRMs
demonstrate that these hits bind to the same site, mainly on the RRM2 domain. It has also been
validated by the chemical shift perturbation experiments for TDP-43 RRM2 alone. The CSP-driven
HADDOCK was used to generate the protein-hits binding mode. Collectively, our work provides a
class of compounds for further hit-to-lead evolution of the TDP-43 RRM domain and paves the path
for targeting protein-RNA interactions using the fragment-based approach.

2. Results

Structurally, TDP-43 tandem RRMs are approximately 160 amino acids long and display a
β1α1β2β3α2β4 arrangement of secondary structure, with an additional β-hairpin named β3’β3” [47]
or β5 [48,49] which is located between α2β4, and extends the β-sheet surface to be accessible to
binding by multiple RNA nucleotides. This leads to a rare RRMs orientation type (β2β4) and the
14-aa linker needs to connect four β-strands instead of two [2,47]. Diverse studies revealed that
TDP-43 tandem RRMs can interact with both short and long single-stranded nucleic acids rich in
UG/TG, either separately or collectively, to achieve high affinity and specificity [47–49]. Given the RNA
recognition mode by tandem RRMs, TDP-43 RRMs are independent of each other in unbound form
but they establish a rigid structure upon RNA binding on the flat surface β-sheet [47]. In general, this
RNA-recognition pocket is much shallower than the ATP-binding sites of kinases. Hence, it poses
a grand challenge for conventional high throughput screening aimed at discovering strong binders.
Conversely, the fragment-based approach has proven fruitful for uncovering the initial hits, albeit at
weak affinities.

NMR ligand-observed methods detect the weak protein-ligand binding by detecting changes
in the characteristics of the ligand spectrum that occur upon binding to the protein. Using the
ligand-based experiments, i.e., saturation transfer difference (STD) [50], water ligand observed via
gradient spectroscopy (WaterLOGSY) [51], Carr–Purcell–Meiboom–Gill (CPMG) [52], and ligand-based
1D proton, we found 17 hits from the primary screening of 89 cocktails containing 10 compounds each
(Figure 1a). The binders present signals while the non-binders present no signals in the STD spectra.
Accordingly, the binders show inverted or a fast decay of signals in the WaterLOGSY and CPMG
experiments, respectively. The combined output of these spectra enabled the identification of primary
screening hits from cocktails. It is worth noting that the reference 1D proton spectra of each individual
compound might be slightly different from the screening spectra as a different buffer was used to be
better compatible with TDP-43 tandem RRMs. The primary screening hits were further validated by
the secondary screening for individual hits using the same set of NMR experiments (Figure 1b and
Figure S1). The aromatic peaks of the hit are depicted as they suffer less from the interference of buffer
signals. The secondary screening eliminated 13 primary hits, probably due to sample aggregation in
cocktails, ambiguous selection of hits with degenerated chemical shifts, and/or spectrometer instability.
Among the remaining 4 hits, hit 2 demonstrated a distinct topology relative to hits 1 and 3 (Figure 1c).
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1H reference spectrum of the respective hit is shown for comparison. (b) The secondary screening 
spectra for individual hit 1, 2, and 3, respectively. (c) The chemical structures of hits 1, 2, and 3. 

The 4 secondary screening hits were then cross-validated using the chemical shift perturbations 
(CSPs) of the 15N-labeled tandem RRMs of TDP-43 and 3 of them induced significant chemical shift 
changes of the tandem RRM (Figures 2 and 3). This approach has been extensively applied in the 
interrogation of protein-ligand interactions in an affinity ranging from nM to mM. As CSP is a 
sensitive indicator of chemical environment changes induced by ligand titration, it is particularly 
powerful in the detection of weak bindings. The linewidths of the amide signals of TDP-43 tandem 
RRM show almost no changes upon titration of hit 1 (Table S1), which suggests that hit 1 induces no 

Figure 1. NMR fragment-based screening against the tandem RRM domain of TDP-43. (a) The primary
screening WaterLOGSY, CPMG, 1H and STD spectra for three representative cocktails. The 1H reference
spectrum of the respective hit is shown for comparison. (b) The secondary screening spectra for
individual hit 1, 2, and 3, respectively. (c) The chemical structures of hits 1, 2, and 3.

The 4 secondary screening hits were then cross-validated using the chemical shift perturbations
(CSPs) of the 15N-labeled tandem RRMs of TDP-43 and 3 of them induced significant chemical shift
changes of the tandem RRM (Figures 2 and 3). This approach has been extensively applied in the
interrogation of protein-ligand interactions in an affinity ranging from nM to mM. As CSP is a sensitive
indicator of chemical environment changes induced by ligand titration, it is particularly powerful in the
detection of weak bindings. The linewidths of the amide signals of TDP-43 tandem RRM show almost
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no changes upon titration of hit 1 (Table S1), which suggests that hit 1 induces no protein aggregation.
This is a useful approach to remove false positives, which are commonly found in drug screening
because of protein aggregation [53]. Titration of hit 1 induces dose-dependent CSPs of residues G245,
E246, H256, I257, S258 (Figure 2b and Figure S2). However, the curve does not reach the saturation
point, as it is limited by the weak binding affinity and the low aqueous solubility of the hit. Hence,
the binding affinity of those weak binders cannot be robustly estimated from CSPs. The disturbed
residues were then mapped on the surface representation of the solution structure of TDP-43 tandem
RRMs (PDB code: 4BS2) [47]. Residues H256, I257, S258 locate on the β4 strand, while residues G245
and E246 bridge the α2 and β3 (Figure 2c).
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Figure 2. The binding topology of hit 1 on the tandem RRMs of TDP-43 using NMR chemical shift
perturbations. (a) The chemical shift perturbations of 15N-labeled tandem RRM domain of TDP-43 upon
titration of hit 1. The ligand/protein molar ratios are annotated. The perturbed residues are labeled
and the arrows indicate the direction of chemical shift changes. UR stands for unassigned residue.
(b) Chemical shift changes of the TDP-43-tandem RRM domain are at the ligand protein molar ratio of
8:1. The red horizontal dashed line represents two standard deviations above the averaged chemical
shift changes of residues. (c) Surface representation of TDP-43 tandem RRM domain (PDB code: 4BS2)
showing the purple-colored residues with significant chemical shift changes.

Consistently, hits 2 and 3 titrations also point to the same binding topology in the tandem RRM of
TDP-43 (Figure 3). For example, hit 2 perturbed residues G245, H256, and I257 (Figure 3a,c), while hit
3 induced significant CSPs for residues G245, E246, H256, and I257 (Figure 3b,d). The similarity of the
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binding pattern of the three hits suggests that weak but specific binders were successfully identified
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Figure 3. Chemical shift perturbations of tandem RRM upon binding of hit 2 and 3. (a,b) The chemical
shift perturbations of TDP-43 tandem RRM domain induced by titration of hit 1 and 2, respectively.
Annotated are the hits: Protein molar ratios. UR stands for unassigned residue. (c,d) Residue-by-residue
chemical shift changes of tandem RRM at the hit/protein molar ratio of 8:1 for compound 2 and 3,
respectively. The red dashed lines represent two standard deviations above the averaged chemical shift
changes of residues.

Having confirmed that 3 different hits bind on the same site of the TDP-43 RRM2 domain, we
further investigated whether RRM2 alone is sufficient for ligand binding. Hit 2 was thus titrated
to the 15N-labeled RRM2 domain of TDP-43 (Figure 4a). Consequently, the residues G245, on loop
bridging the α2 and β3′, H256, and I257, located on β4-strand, were perturbed (Figure 4b). Those
residues were mapped on the surface representation of the TDP-43 RRM2 [49] domain in complex
with a single-stranded DNA (Figure 4c). The hit binds to the same sites of either TDP-43 tandem RRM
or RRM2 alone. That is to say, TDP-43 RRM2 is the main contributor for ligand binding and should be
considered as the target for follow-up hit-to-lead evolutions.
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Figure 4. Chemical shift perturbations of the TDP-43-RRM2 domain upon hit 2 titration. (a) The
chemical shift perturbations of the RRM2 domain of TDP-43 by hit 2 titration. (b) Chemical shift changes
of the TDP-43 RRM2 domain residues at a hit 2; protein molar ratio of 4:1. The red dashed line represents
two standard deviations above the averaged chemical shift changes of residues. (c) Residues (colored
in purple) undergo significant chemical shift changes and are mapped on the surface representation of
TDP-43-RRM2 domain (PDB code: 1WF0).

We further compared the small molecule binding topology with the nucleic acid recognition
sites of the TDP-43 RRM domain. In TDP-43 tandem RRMs, 10 out of 12 nucleotides of the AUG12
RNA (GUGUGAAUGAAU) interact with RRM1 and RRM2 (PDB code: 4BS2) [47]. Among them,
the first five (G1U2G3U4G5) nucleotides are accommodated on the RRM1 β-sheet and the following
two nucleotides (A6A7) act as a connector between two RRMs, while the next three nucleotides
(U8G9A10) lie on the RRM2. The U8 nucleotide of RNA is recognized on S258 (β4) through hydrogen
bonds, on the backbone carbonyl oxygen of N259 (β4), and the backbone amide of E261 from the
C-terminus [47]. Comparatively, all three hits have perturbed some residues located on the β4-strand,
hits 1 and 3 specifically disturbed S258 (β4). This also interacts with the U8 nucleotide in tandem
RRM (Figure 5a). Furthermore, the RRM2 residues D247 (loop α2-β3′) and I249 (β3′) are involved
in inter-RRM interactions upon RNA binding on the tandem RRM of TDP-43. This study revealed
that their nearby residues, G245 and E246 (loop α2-β3′), display higher chemical shift perturbations
induced by the hits binding (Figures 2b and 3c,d).
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TDP-43 tandem RRMs in complex with AUG12 RNA (orange cartoon), where residues interact with the
U8 nucleotide (stick) and hits are highlighted in cyan and magenta, respectively. Residue S258 (blue)
interacts with both U8 and hit 1. (b) Surface representation of TDP-43 RRM2 in complex with ssDNA
(PDB code: 3D2W) using the same coloring scheme.

Accordingly, the crystal structure of TDP-43 RRM2 in complex with ss-DNA 5′-GTTGAGCGTT-3′
(PDB entry: 3D2W) reveals that only three 5′ end nucleotides (T2, T3, G4) make extensive contacts with
β-sheet residues of RRM2, whereby T3 particularly contacts with S258, Asn259, and Glu261 through
hydrogen bonds [49], while in our study the residues H256 and I257, nearby the S258 (β4), have been
perturbed upon hit binding on the single RRM2 (Figure 5b). This suggests that the fragment screening
hits bind to a proximal site for RNA/DNA recognition, thus new hits can be designed using a fragment
grow strategy to block the DNA/RNA recognition capability of TDP-43 RRM2.

To further characterize the binding mode, a data-driven approach, HADDOCK [54], was used
to model the tandem RRM-hit 1 complex structure. Residues G245, E246, H256, I257, and S258 were
defined as active ones in the binding site. Among the docking poses generated by HADDOCK, the
best-fit ones were filtered out based on CSP and STD restraints [41,55,56]. One representative docking
pose (Figure 6) indicates that hit 1 forms a hydrogen bond with the side chain of S258 and the aromatic
ring of hit 1 is proximal to residues G245, E246, H256, and I257. These docking poses pave the path for
following structure-guided hit-to-lead evolution.
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Figure 6. The representative docking model of hit 1 in consistency with experimental CSP and STD
restraints. Hit 1 (green color) in the binding site of tandem RRM (PDB: 4bs2) where the carbonyl
hydrogen is oriented toward G245, while the side chain hydrogen interacts with E246 residue of tandem
RRM. Other active residues (orange sticks), H256, I257, and S258 are located in proximal of the hit 1.

96



Int. J. Mol. Sci. 2019, 20, 3230

3. Discussion

Proteins containing RRM domains function in important aspects of the posttranscriptional
regulation of gene expression, mRNA maturation, and other RNA processing machinery. These
proteins perform their diverse roles depending on the dual ability to recognize RNA and to interact with
other proteins by using their RRM domain [31]. As TDP-43 is closely correlated with neurodegenerative
and cancerous diseases [29,57], the RRM domain of TDP-43 becomes an attractive therapeutic target.
However, there is no direct inhibitor targeting the RRM discovered to date.

We uncovered three small molecules binding to the tandem RRM domain of TDP-43 by using
NMR fragment-based screening techniques. The NMR spectroscopy, one of a plethora of biophysical
methods, is particularly powerful to detect even ultra-weak protein-ligand interactions. Accordingly,
chemical shift perturbations observed in the heteronuclear single-quantum coherence (HSQC) spectra
or the linewidth analysis of the small molecules allow the determination of binding affinity [58,59].
This is sometimes recalcitrant, as the titration to saturation point may be infeasible in case of weak
binding affinities and low aqueous solubility of compounds.

NMR is extensively applied in fragment-based lead discovery [60]. The central idea is to screen a
small library (500–2000 molecules) of low-molecular-weight compounds (110–250 Da), as their low
complexity enhances the probability of matched interactions between the target and these fragment
compounds. The reasonable hit rate indicates the druggability of the TDP-43 tandem RRM domain.

Although the 4-aminoquinolines molecules have been discovered through high throughput
screening against the full-length TDP-43 [34], the enlightenment on binding site is still lacking. TDP-43
contains two RNA-binding RRM domains and the C-terminal low complexity domain, which may
form liquid–liquid phase separation as a reservoir of mRNAs. Here, it is essential to determine the
small molecule binding topology on TDP-43. The tandem RRM of TDP-43 is composed of a canonical
RRM arrangement (β1α1β2β3α2β4), with an additional β-hairpin (β3’β3” or β5) found between α2
and β4 which extends the β-sheet surface for RNA recognition [2,47,49]. The binding topology of our
fragment screening hits and CSP-guided HADDOCK modeling reveal a ligand-binding “hot spot”
of TDP-43 RRM2, proximal to H256, I257, and S258. Interestingly, these residues are also close to the
RRM1 and RRM2 interface. The previous study proposed that both RRM domains are indispensable for
achieving the greater binding affinity between the TDP-43 and nucleic acids [49]. Since this “hot spot”
is partially overlapped with the RNA/DNA recognition site, it directs the following structure-guided
hit-to-lead evolution against TDP-43 tandem RRM domains.

4. Materials and Methods

4.1. Cloning, Expression, and Protein Purification

The tandem RRM domain of TDP-43 (residues 101–269) was synthesized by GENEWIZ (Suzhou,
China) and sub-cloned into the pET22b vector (GE Healthcare, Shanghai, China) with the His6 tag. The
RRM2 domain was amplified from the tandem RRM construct and then sub-cloned into the pET22b
vector (GE Healthcare, Shanghai, China) with the His6 tag. The constructs were transformed into
Escherichia coli BL21 and cultivated in 1 L LB media, incubated at 37 ◦C. The proteins were expressed at
16 ◦C after induction by 0.5 mM isopropyl β-D-thiogalactosidase (IPTG) for 20 h. The bacteria were
harvested by centrifugation (5000 rpm, 10 min), resuspended in lysis buffer (25 mM Tris, 500 mM NaCl
at pH 7.5), and then lysed by sonication. The cell lysates were centrifuged (13,000 rpm, 30 min). The
collected supernatant was purified on a column filled with Nickel-chelated resin (QIAGEN, Shanghai,
China). The impurities were washed out using a buffer (25 mM Tris, 1 M NaCl at pH 7.5) containing a
linear gradient of 20–40 mM imidazole, then the same buffer containing 500 mM imidazole was used
to elute out the target proteins. All proteins were further purified by size exclusion chromatography
using a HiLoad 16/600 Superdex 75 column (GE Healthcare, Shanghai, China). The target proteins
were confirmed by SDS-PAGE.
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For 15N-labeled proteins, the cells were first cultured in 1 L LB media, harvested when A600

reached 1.0 and then transferred to 1 L M9 media containing 15NH4Cl. The cells were induced by
0.4 mM IPTG to express the proteins (tandem RRMs and RRM2 domains). The purified proteins were
concentrated in PBS buffer plus the 5 mM DTT at pH 7.5.

4.2. NMR Fragment-Based Screening

All NMR fragment screening experiments were carried out at 25 ◦C using an Agilent 700 MHZ
spectrometer equipped with a 96 well auto-sampler and a 5 mm cryoprobe. During the primary
screening, the ligand-based NMR spectra (STD, WaterLOGSY, CPMG, and 1D 1H) were acquired
against the 890 fragments library (ChemBridge, San Diego, CA, USA) as described previously in
detail [46,61]. Those fragments were distributed in 89 cocktails, composed of 10 compounds each,
at a final concentration of 0.4 mM. These cocktails were incubated with protein (10 µM) in sodium
phosphate (50 mM, pH 7.5), NaCl (200 mM), dithiothreitol (5 mM), and D2O (50%). To further confirm
the identified primary hits, secondary screening was individually carried out for single hits using the
same buffer and NMR experimental settings. We then automatically processed and visualized the
primary and secondary data with our ACD/Labs scripts, as previously described [46].

4.3. NMR Chemical Shift Perturbation

NMR HSQC spectra were acquired at 25 ◦C on either an Agilent 700MHZ spectrometer equipped
with a cryoprobe or an Agilent 500MHz spectrometer equipped with a room temperature probe.
The 15N-labeled proteins (0.1 mM or 0.2 mM), in PBS buffer (50 mM, pH 7.5), containing NaCl (200
mM), dithiothreitol (5 mM), and D2O (10%) were titrated by small molecules stocked in DMSO at a
concentration of 200 mM, using a series of hit/protein molar ratios of 0.0, 0.5, 1.0, 2.0, 4.0, and 8.0 for
TDP-43 tandem RRMs and 0.0, 0.5, 1.0, 2.0, and 4.0 for RRM2, respectively. Spectra were processed
in NMRpipe and analyzed with Sparky. The chemical shift changes (∆δ) relative to the free form of
protein were defined as follows:

∆δ =
√
(δ1H)

2 + (0.2δ15N)
2, (1)

where δ1
H and δ15

N are the chemical shift differences of the 1H and 15N dimensions, respectively. We
referred to the following chemical shift assignments previously deposited in the Biological Magnetic
Resonance Data Bank: RRM1 (BMRB Entry 18765), RRM2 (BMRB Entry 19922), and tandem RRM
(BMRB Entry 19290). All structures figures were prepared by Pymol (DeLano Scientific, LLC, Palo
Alto, CA, USA).

4.4. Molecular Docking

HADDOCK is an information-driven docking technique used for modeling biomolecule structures
by using experimental or predictive restraints [54,62]. The CSPs, obtained from the NMR HSQC
titration data, were used both as HADDOCK restraints and for defining the protein active residues.
The tandem RRM structure (PDB: 4bs2) served as the starting structure, while the hit 1 PDB file was
generated by the PRODRG [63]. The docking calculations were done by the HADDOCK web server
and clustered 186 structures in 16 clusters according to the RMSD threshold of 2 Å.

4.5. Linewidth Analysis

The NMR HSQC spectra at molar ratios of 0:1 and 8:1 (hit/protein) were processed using the same
NMRpipe script, e.g., 2-fold zero-filling, Fourier transformation, and phase corrections. The spectra
were then analyzed, with randomly selected peaks, using Sparky. After peak integration, the linewidth,
i.e., the full width at half the peak height, was automatically estimated by Sparky.
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FBS Fragment-based screening
FTLD Frontotemporal lobar degeneration
HADDOCK High Ambiguity Driven biomolecular DOCKing
HDAC6 Histone deacetylase 6
hNFL human low molecular weight neurofilament
HSQC Heteronuclear single-quantum coherence
ITC Isothermal titration calorimetry
NMR Nuclear Magnetic Resonance
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RRM RNA Recognition Motifs
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SNHG12 Small nucleolar RNA host gene 12
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TDP-43 Transactive response DNA-binding Protein 43
TNBC Triple-negative breast cancer
TRIM16 Tripartite motif-containing protein 16
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Abstract: Galectins are a family of galactoside-recognizing proteins involved in different galectin-
subtype-specific inflammatory and tumor-promoting processes, which motivates the development
of inhibitors that are more selective galectin inhibitors than natural ligand fragments. Here,
we describe the synthesis and evaluation of 3-C-methyl-gulopyranoside derivatives and their
evaluation as galectin inhibitors. Methyl 3-deoxy-3-C-(hydroxymethyl)-β-d-gulopyranoside showed
7-fold better affinity for galectin-1 than the natural monosaccharide fragment analog methyl
β-d-galactopyranoside, as well as a high selectivity over galectin-2, 3, 4, 7, 8, and 9. Derivatization
of the 3-C-hydroxymethyl into amides gave gulosides with improved selectivities and affinities;
methyl 3-deoxy-3-C-(methyl-2,3,4,5,6-pentafluorobenzamide)-β-d-gulopyranoside had Kd 700 µM
for galectin-1, while not binding any other galectin.

Keywords: galectin-1; gulopyranosides; fluorescence polarization; benzamide; selective

1. Introduction

Galectins are an evolutionary ancient family of small soluble proteins with affinity for
β-d-galactopyranoside-containing glycoconjugates and a conserved amino acid sequence motif [1,2].
By their carbohydrate-binding activity they can cross-link glycoproteins, resulting in a variety of effects,
such as regulation of cell adhesion, intracellular glycoprotein traffic, and cell signaling [3–5]. These
effects in turn affect cell behavior in inflammation, immunity and cancer, and galectins appear to be
rate limiting in some such pathophysiological conditions, e.g., based on effects in null mutant mice
and other model systems [6–10]. This has stimulated development of galectin inhibitors as potential
drug candidates, but different galectins have a different tissue distribution and function. Although all
bind glycoconjugates containing β-galactose residues, each galectin may have a different affinities for
larger natural glycans and for artificial small molecule ligands. Hence, there is an important need for
selective galectin-inhibitors, that, for example, distinguish between the two most studied galectins in
humans, galectin-1 and galectin-3.

The carbohydrate binding site of galectins is a concave groove and long enough to hold about
a tetrasaccharide and based on this the carbohydrate binding site of galectins has been described
as a combination of four subsites (A–D) together with an additional one less defined fifth subsite
E [3]. Within this groove, subsite C is conserved among galectins, made up of the defining amino acid
sequence motif and binds β-galactopyranosides by H-bond interaction with 4-OH, 6-OH and the ring
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5-O, and CH-π interaction of the α-side of the pyranose ring with a Trp residue. The neighbouring sites,
however, vary among galectins, and can be targeted for selective inhibitor development. To do this,
previous inhibitor design has derivatized the positions on galactose not engaged by subsite C, namely
C1, C2, and C3 [11]. Gulose is a rare saccharide not found in mammals, but can potentially bind galectins
because it is structurally similar to galactose with the only difference being the stereoconfiguration at
C3. Hence, the C3 is epimeric with the OH axial instead of equatorial in the galectin bound pyranose
form. Here, we show that derivatization at C3 in gulose offers a new space for galectin inhibitor
design and surprisingly selective inhibitors of galectin-1. In particular, amide-functionalised C3-methyl
gulopyranosides are shown to be apparently selective towards human galectin-1.

2. Results and Discussion

2.1. Synthesis of Methyl 3-Deoxy-3-C-(methyl)-β-d-gulopyranosides and galectin inhibition evaluation

The synthesis of the 3-C-methyl-gulo derivatives was initiated by Dess–Martin periodinane
oxidation [12] of the known methyl 2,4,6-tri-O-benzyl-β-d-galactopyranoside 11 to afford the
corresponding keto derivative 12 in 84% yield (Scheme 1). Methylenation of 12 with Petasis
reagent gave the olefin 13 in 79% yield. Next, the olefin 13 was subjected to hydroboration with
9-borabicyclo-[3.3.1]nonane (9-BBN) [12], followed by oxidative cleavage of the carbon-boron bond
with alkaline hydrogen peroxide to afford the corresponding gulo and galacto isomers 14a (36%)
and 14b (24%), which were separated by flash column chromatography at a ratio 3:2. Both the gulo
and galacto derivatives 14a and 14b were separately subjected to hydrogenation [13] in the presence
of Pd(OH)2-C to give the desired methyl 3-deoxy-3-C-(hydroxymethyl)-β-d-gulopyranoside 1a and
methyl 3-deoxy-3-C-(hydroxymethyl)-β-d-galactopyranoside 1b in yields of 51% and 63%, respectively.
Evaluation of 1a and 1b as inhibitors of human galectin-1, 2, 3, 4N (N-terminal domain) 4C (C-terminal
domain), 7, 8N, 8C, 9N, and 9C in a reported competitive fluorescence anisotropy assay [14,15] revealed
that the gulo derivative 1a was selective for galectin-1 with a dissociation constant of 1300 µM, which
is about an order of magnitude better than for the virtually unselective reference compound methyl
β-d-galactopyranoside 32 (Figure 1, Table 1).
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Table 1. Kd-values (mM)a of compounds 1a–1b, 2–3, 7a, 8, and the reference methyl
β-d-galactopyranoside 32 against human galectin-1, 2, 3, 4N, 4C, 7, 8N, 8C, 9N, and 9C in a competitive
fluorescence polarization assay [15,16].

Compounds
Galectin

1 2 3 4N b 4C c 7 8N b 8C c 9Nb 9C c

1a 1.3 ± 0.15 ND d NB e NB ND NB NB 3.7 ± 0.02 NB NB
1b NB NB NB >4 NB NB NB NB NB NB
2 NB NB NB NB NB NB NB NB NB NB
3 NB ND NB ND ND ND NB NB ND ND
4 NB NB NB NB NB NB NB NB NB NB
5 NB NB NB NB NB NB NB NB NB NB
6 >10 ND NB NB NB NB NB NB ND NB
7a 1.8 ± 0.15 NB NB NB NB NB NB NB ND NB
8 >10 ND NB NB NB NB NB NB ND >5
32 >10 [16] 13 [17] 4.4 [16] 6.6 [17] 10 [17] 4.8 [16] 6.3 [16] >30 [18] 3.3 [16] 8.6 [19]

a The data are average and SEM (standard error of mean) of 4–8 single-triple point measurements. b N-terminal
domain. c C-terminal domain. d Not determined. e Not binding at the highest concentration tested: 4 mM.

In stark contrast, the galacto derivative 1b did not bind any galectin tested, except for
a weak binding to galectin-4N. This observation encouraged us to further explore the 3-C-methyl
gulopyranoside scaffold for the discovery of galectin-1-selective inhibitors. Hence, we initiated
synthetic efforts toward replacing the hydroxymethyl of 1a with amide, ether, urea, and triazole
functionalities. An aryl ether was synthesized following a recently reported iodonium-salt mediated
reaction [20] to give the aryl ether 15, which after hydrogenolysis [13] of the benzyl protecting groups
gave 2 (Scheme 2). The hydroxymethyl 14a was methylated with methyl iodide to give the methyl
ether 16, which after debenzylation gave the 3-methoxymethyl guloside 3. Treatment of 14a with
methanesulfonyl chloride furnished the corresponding gulo mesylate, which was then directly treated
with NaN3 in dry DMF at 80 ◦C to provide the gulo azide, 17 in 83% yield. The gulo azide 17 was
treated with 1-ethynyl-3-fluorobenzene in the presence of the CuI and DIPEA catalytic system [21]
in dry dichloromethane to give the triazole 18 within 48 h in 86% yield. Debenzylation provided the
desired triazole-derived methyl guloside 4. The urea 20 was obtained via reduction of the azide 17
to give the amine 19, followed by reaction with 3-fluorophenylisocyanate. Debenzylation [13] of 20
afforded the target gulo urea derivative 5 in 66% yield. The amine 19 was treated with benzensulfonyl
chloride, benzoyl chloride, and diphenyl phosphoryl chloride in the presence of Et3N to give the
protected sulfonamide 21, amide 22a, and diphenylphosphonamide 23, which were subjected for
hydrogenolysis [13] in the presence of Pd(OH)2 to get the unprotected amides 6, 7a, and 8.

Evaluation of aryl ether 2, methyl ether 3, triazole 4, urea 5, sulfonamide 6, benzamide 7a, and
phosphonamide 8 derived methyl gulosides’ affinities for the human galectin-1, 2, 3, 4N, 4C, 7, 8N,
8C, 9N, and 9C showed that most of the gulo derivatives were inactive as ligands for galectins, the
benzamide 7a displayed moderate affinity, similar to that of 1a, for galectin-1 and with excellent
selectivity (Table 1). Particularly noteworthy was that 7a also had a significantly better affinity for
galectin-1 than the simple reference monosaccharide methyl β-d-galactopyranoside 32. Furthermore,
the hydroxylmethyl group of 1a plays an important role in the interaction with galectin-1, as the
corresponding methyl ether 3 binds galectin-1 significantly worse than 1a does.
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Scheme 2. Synthesis of methyl 3-deoxy-3-C-methyl-β-d-gulopyranoside ether 2–3, triazole 4, urea 5,
sulfonamide 6, amide 7a, and phosphonamide 8 derivatives.

2.2. Synthesis and Optimization of 3-Deoxy-3-C-Amidomethyl-β-d-Gulopyranoside Derivatives as
Galectin-1 Inhibitors

The observation that the amide 7a showed moderate affinity but high selectivity for galectin-1
prompted us to prepare a series 7c–7l of benzamide analogs carrying selected different substituents at
different positions, including four fluorbenzamide expected to possess improved metabolic stability
and pharmacokinetic properties, as well as a reference acetamide analog 7b (Scheme 3). Furthermore, in
order to investigate the role of the gulo 3-C-methyl substituent, the 3-OH 9 and 3-benzamido 10 gulosides
were synthesized (Scheme 3). Hydrolysis of the known 4,6-O-benzylidene gulose derivative, 24 [22]
with 80% AcOH at 80 ◦C gave the diol 25 in 91% yield, which upon Zemplen de-O-acetylation [23]
afforded the target methyl β-d-gulopyranoside 9 in 93% yield. Selective 3-O-triflation of methyl
4,6-O-benzylidene-β-d-galactopyranoside 26 [24], followed by one-pot benzoylation of 2-O-hydroxyl
gave 27. The crude triflate 27 was subsequently converted into the 3-azido-3-deoxy-guloside 28 by
treatment with sodium azide in DMF. De-benzylidenation with 80% AcOH at 80 ◦C and subsequent
benzoylation afforded 29 in 43% yield over four steps from 26. Azide hydrogenation gave 30, which
upon benzoylation and de-O-benzoylation gave the benzamide 10.

An immediate observation upon evaluating the affinities of 7b–7l and 9–10 (Figure 2, Table 2)
was that the acetamide 7b displays a similar affinity for galectin-1 as the benzamides 7a and 7c–7k.
Hence, the phenyl moieties of 7a and 7c–7k do not contribute to enhancing the affinity for galectin-1.
However, the phenyl moieties and substitution patterns of 7a and 7c–7k influence the selectivity over
other galectins, as six substituted amides (7a, 7d, and 7f–7i) retained high selectivity for galectin-1 over
the other galectins. The pentafluorophenyl 7g turned out to be the best β-d-gulopyranoside-based
monosaccharide inhibitor for human galectin-1 with 14-fold improved affinity over the reference
methyl β-d-galactopyranoside 32. The larger biphenyl 7l did not bind galectin-1, which suggests
that the galectin-1 site accommodating the axial gulo substituent is limited in size. Evaluation of the
guloside 9 revealed that while it is similar to the reference galactoside 32 in the affinity for galectin-1,
it displays a much higher selectivity in that it is inactive against the other galectins under the evaluation
conditions used. Unfortunately, extensive molecular dynamics and docking analyses to explain the
selective galectin-1 binding to 3-C-methyl-gulosides were inconclusive as such calculations cannot
provide reliable relative affinities of bound ligands. Hence, it remains to find a plausible structural
explanation for this selectivity. Interestingly, the benzamide 10 showed no binding to galectin-1 under
the assay conditions but instead had improved binding to and selectivity for galectin-4N. Hence, while
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3-C-methyl gulosides represent an interesting structural class for the discovery of selective galectin-1
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Table 2. Kd-values (mM)a of compounds 7a–7l, 9, and 10 against human galectin-1, 2, 3, 4N, 4C, 7, 8N,
8C, 9N, and 9C in a competitive fluorescence polarization assay.

Compounds
Galectin

1 2 3 4N b 4C c 7 8N b 8C c 9N b 9C c

7a 1.8 ± 0.15 NB d NB NB NB NB NB NB ND e NB
7b 1.5 ± 0.08 NB NB 1.9 ± 0.05 NB NB NB 2.7 ± 0.5 NB NB
7c 1.9 ± 0.04 NB NB 2.2 ± 0.16 NB NB NB NB NB NB
7d 1.9 ± 0.4 NB NB NB NB NB NB NB NB NB
7e 1.7 ± 0.06 NB 1.6 ± 0.03 1.7 ± 0.07 NB NB NB NB NB NB
7f 2.5 ± 0.4 NB NB NB NB NB NB NB NB NB
7g 0.7 ± 0.005 NB NB NB NB NB NB NB NB NB
7h 3.2 ± 0.5 NB NB NB NB NB NB NB NB NB
7i 2.3 ± 0.4 NB NB NB NB NB NB NB NB NB
7j 1.8 ± 0.04 NB NB 2 ± 0.4 NB NB NB 2.6 ± 0.6 NB NB
7k 1.8 ± 0.07 NB NB 1.9 ± 0.1 NB NB NB NB NB NB
7l NB NB NB NB NB NB NB NB NB NB
9 10 ± 0.25 10 ± 1.5 NB ND 11 ± 1.2 NB NB NB NB NB

10 NB NB NB 1.3 ± 0.2 NB ND NB NB NB NB
a The data are average and SEM of 4–8 single-triple point measurements. b N-terminal domain. c C-terminal domain.
d Not binding at the highest concentration tested: 4 mM. e Not determined.
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3. Materials and Methods

3.1. General Methods Experimental Procedures

All reactions were carried out in oven-dried glassware. All solvents and reagents were mainly
purchased from Sigma-Aldrich or Fluka and were used without further purification or synthesized via
the literature protocol. TLC analysis was performed on pre-coated Merck silica gel 60 F254 plates using
UV light and charring solution (10 mL conc. H2SO4/90 mL EtOH). Flash column chromatography was
done on SiO2 purchased from Aldrich (technical grade, 60 Å pore size, 230–400 mesh, 40–63 µm). All
NMR spectra were recorded with the Bruker DRX 400 MHz spectrometer (400 MHz for 1H, 100 MHz
for 13C (125 MHz 13C for compound 7k with the Bruker Avance III 500 MHz spectrometer equipped
with a broadband observe SMART probe, Fällanden, Switzerland), 376 MHz for 19F, 162 MHz for
31P, ESI) at ambient temperature using CDCl3 or CD3OD as solvents. Chemical shifts are given in
ppm relative to the residual solvent peak (1H NMR: CDCl3 δ 7.26; CD3OD δ 3.31; 13C NMR: CDCl3 δ

77.16; CD3OD δ 49.00) with multiplicity (b = broad, s = singlet, d = doublet, t = triplet, q = quartet,
quin = quintet, sext = sextet, hept = heptet, m = multiplet, td = triplet of doublets, dt = doublet of
triplets), coupling constants (in Hz) and integration. Copies of nmr spectra are provided in the
supplementary information. High-resolution mass analysis was obtained using the Micromass Q-TOF
mass spectrometer. Analytical data is given if the compound is novel or not fully characterized in the
literature. Final compounds were further purified via HPLC before evaluation of galectin affinity. All
tested compounds were >95% pure according to the analytical HPLC analysis.

3.2. Methyl 2,4,6-Tri-O-Benzyl-β-d-Xylo-Hex-3-Ulopyranoside 12

Into a solution of alcohol 11 (8.1 g, 17.45 mmol) in dry dichloromethane (250 mL) Dess–Martin
periodinane (9.62 g, 22.68 mmol, 1.3 equiv.) was added, under nitrogen atmosphere and the reaction
mixture was stirred for 4 h (TLC heptane/EtOAc, 3:1, Rf 0.5). After that, a saturated NaHCO3 solution
(400 mL) was added and the mixture was stirred for 30 min. Then, the organic layer was collected
and washed successively with the saturated Na2S2O3 solution (2 × 250 mL). The organic layer was
collected, dried over Na2SO4, filtered and concentrated in vacuo. Flash chromatography of the crude
material (heptane/EtOAc, 7:2) afforded ketone 12 (6.45 g, 13.955 mmol, yield 80%) as a white solid.
[α]25

D −72.3 (c 1.4, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.47–7.21 (m, 15H, ArH), 4.76 (d, 1H, J 12.0 Hz,
CH2Ph), 4.73 (d, 1H, J 12.0 Hz, CH2Ph), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.51 (d, 1H, J 12.0 Hz, CH2Ph),
4.48 (d, 1H, J1,2 7.6 Hz, H-1), 4.44 (d, 1H, J1,2 7.6 Hz, H-2), 4.43 (d, 1H, J 11.6 Hz, CH2Ph), 4.35 (d, 1H, J
11.6 Hz, CH2Ph), 3.95 (d, 1H, J 1.2 Hz, H-4), 3.83–3.75 (m, 3H, H-5, H-6a, H-6b), 3.61 (s, 3H, OCH3).
13C NMR (CDCl3, 100 MHz): 203.8, 137.7, 137.2, 136.4, 128.29, 128.27, 127.26, 128.0, 127.8, 127.6, 127.5,
104.9, 82.1, 80.7, 73.5, 73.4, 72.3, 72.1, 67.5, 57.1. HRMS calcd for C28H30O6

+NH4
+ (M+NH4)+: 480.2386,

found: 480.2378.

3.3. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Methylene-β-d-Xylo-Hex-3-Ulopyranoside 13

Into a solution of ketone 12 (6.3 g, 13.63 mmol) in dry toluene (100 mL) bis (cyclopentadienyl)
dimethyltitanium was added, 5 wt% in toluene (125 mL, 30 mmol, 2.2 equiv.), under nitrogen
atmosphere and the reaction mixture was stirred for 48 h at 65 ◦C in the dark. After that, the reaction
mixture (TLC heptane/EtOAc, 4:1, Rf 0.47) was concentrated in vacuo and flash chromatography of the
crude material (heptane/EtOAc, 10:1–5:1) afforded methylene derivative 13 (4.6 g, 9.99 mmol, yield
71%) as a light-yellow oil. [α]25

D −40.3 (c 1.1, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.49–7.28 (m, 15H,
ArH), 5.61 (t, 1H, J2,H-7a 2.0 Hz, CH2), 5.20 (t, 1H, J2,H-7b 2.0 Hz, CH2), 5.00 (d, 1H, J 12.0 Hz, CH2Ph),
4.78 (d, 1H, J 12.0 Hz, CH2Ph), 4.65 (d, 1H, J 12.0 Hz, CH2Ph), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.56 (d,
1H, J 12.0 Hz, CH2Ph), 4.36 (d, 1H, J 7.6 Hz, H-1), 4.28 (d, 1H, J 12.0 Hz, CH2Ph), 4.14 (dt, 1H, J1,2

7.6 Hz, J2,H-7a, J2,H-7b 2.0 Hz, H-2), 4.03 (d, 1H, J 0.4 Hz, H-4), 3.91–3.79 (m, 3H, H-5, H-6a, H-6b), 3.65
(s, 3H, OCH3). 13C NMR (CDCl3, 100 MHz): 142.2, 138.5, 138.2, 137.9, 128.4, 128.3, 128.2, 128.0, 127.9,
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127.7, 127.62, 127.59, 127.5, 113.7, 104.9, 77.7, 77.3, 76.6, 73.7, 73.6, 69.2, 69.0, 56.7. HRMS calcd for
C29H32O5+NH4

+ (M+NH4)+: 478.2593, found: 478.2607.

3.4. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Hydroxymethyl-β-d-Gulopyranoside 14a and Methyl
2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Hydroxymethyl-β-d-Galactopyranoside 14b

A solution of 13 (4.6 g, 9.99 mmol) in dry THF (150 mL) was treated with a 9-BBN solution in THF
(0.5 M, 125 mL) and heated to reflux for 24 h. After that, the solution was cooled to 0 ◦C and a 10%
aqueous sodium hydroxide solution (100 mL) and a 30% hydrogen peroxide solution (100 mL) were
added simultaneously within 5 min and stirring continued for another 30 min. Then, diethyl ether
(200 mL) was added followed by careful addition of a 20% aqueous sodium hydrogen sulfite solution
(7 mL). This mixture was stirred further for 60 min and extracted with diethyl ether, and the combined
organic layers were dried with Na2SO4, filtered, and concentrated in vacuo (TLC heptane/EtOAc, 2:1
(double run), Rf 0.48 for 14a, Rf 0.4 for 14b). Flash chromatography (Heptane/EtOAc, 8:1 to 2:1) of the
residue afforded a gulo-isomer, 14a (1.74 g, 3.638 mmol) and galacto-isomer, 14b (1.16 g, 2.426 mmol)
to be ≈3:2 in favor of the guloisomer at an overall yield of 61% (2.9 g, 6.064 mmol). Gulo-isomer 14a:
[α]25

D −25.7 (c 1.3, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–7.20 (m, 15H, ArH), 4.82 (d, 1H, J 12.0 Hz,
CH2Ph), 4.65 (d, 1H, J 6.4 Hz, H-1), 4.57 (d, 1H, J 11.6 Hz, CH2Ph), 4.54 (d, 1H, J 11.6 Hz, CH2Ph), 4.52
(d, 1H, J 11.6 Hz, CH2Ph), 4.47 (d, 1H, J 12.0 Hz, CH2Ph), 4.41 (d, 1H, J 11.6 Hz, CH2Ph), 3.95–3.88 (m,
2H, H-4, H-5), 3.73 (dd, 1H, J1,2 6.4 Hz, J2,3 5.2 Hz, H-2), 3.74–3.57 (m, 4H, H-6a, H-6b, CH2OH), 3.54 (s,
3H, OCH3), 2.53–2.47 (m, 1H, H-3), 2.35 (bs, 1H, CH2OH). 13C NMR (CDCl3, 100 MHz): 138.2, 138.1,
138.0, 128.6, 128.52, 128.47, 128.2, 128.1, 128.03, 127.96, 127.9, 127.8, 101.2, 77.2, 74.8, 73.8, 73.6, 73.4,
71.9, 69.5, 62.0, 56.5, 41.6. HRMS calcd for C29H34O6+NH4

+ (M+NH4)+: 496.2699, found: 496.2700.
Galacto-isomer 14b: [α]25

D −13.4 (c 0.9, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.39–7.28 (m, 15H, ArH),
4.92 (d, 1H, J 11.2 Hz, CH2Ph), 4.65 (d, 1H, J 11.2 Hz, CH2Ph), 4.60–4.52 (m, 4H, CH2Ph), 4.41 (d, 1H,
J1,2 7.6 Hz, H-1), 3.90(d, 1H, J3,4 2.8 Hz, H-4), 3.82 (dd, 1H, J 4.8 Hz, J 7.2 Hz, CH2OH), 3.73–3.55 (m,
8H, H-5, H-6a, H-6b, H-2, CH2OH, OCH3), 2.04 (bs, 1H, CH2OH), 1.87–1.82 (m, 1H, H-3). 13C NMR
(CDCl3, 100 MHz): 138.5, 138.1, 137.8, 128.6, 128.53, 128.52, 128.4, 128.3, 128.03, 127.98, 127.8, 106.4,
76.5, 76.2, 74.8, 74.7, 74.6, 73.7, 68.6, 62.2, 56.8, 47.3. HRMS calcd for C29H34O6+H+ (M+H)+: 479.2434,
found: 479.2434.

3.5. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3-Trifluoromethylphenoxymethyl)-β-d-Gulopyranoside 15

Compound 14a (80 mg, 0.17 mmol) was stirred in a 25 mL round-bottom flask in toluene (2 mL)
for 3 min. A mixture of 3-(trifluoromethyl)phenyl)(4-methoxyphenyl)iodonium tosylate (140 mg,
0.25 mmol) and potassium tert-butoxide (28.5 mg, 0.25 mmol) were added under air and the mixture
turned yellow. The reaction was stirred for 3 h, when the TLC showed almost complete consumption
of the starting material (TLC heptane/EtOAc, 3:1, Rf 0.48). The mixture was then diluted with EtOAc
(10 mL) and filtered. Then the volatiles were removed under reduced pressure, and the residue was
subjected to column chromatography (heptane/EtOAc, 8:1 to 4:1) to provide the purified product 15
(92.6 mg, 0.15 mmol, 89%) as a colorless oil. [α]25

D −70.9 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz):
7.40–7.22 (m, 17H, ArH), 7.08 (bs, 1H, ArH), 7.02 (dd, 1H, J 8.0 Hz, J 2.4 Hz, ArH), 4.79 (d, 1H, J 12.0 Hz,
CH2Ph), 4.62 (d, 1H, J 6.0 Hz, H-1), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.57 (d, 1H, J 11.6 Hz, CH2Ph), 4.54
(d, 1H, J 12.4 Hz, CH2Ph), 4.50 (s, 2H, CH2Ph), 4.24 (dd, 1H, J 6.0 Hz, J 9.6 Hz, H-3a’), 4.19–4.15 (m,
1H, H-5), 4.08 (dd, 1H, J 9.6 Hz, J 8.0 Hz, H-3b’), 3.87 (dd, 1H, J 5.2 Hz, J 2.8 Hz, H-4), 3.85 (t, 1H, J
6.0 Hz, H-2), 3.80 (dd, 1H, J 10.0 Hz, J 6.8 Hz, H-6a), 3.72 (dd, 1H, J 10.0 Hz, J 5.2 Hz, H-6b), 3.57 (s, 1H,
OCH3), 2.76–2.70 (m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 158.8, 138.30, 138.27, 137.9, 131.9 (q, J
32.1 Hz), 130.0, 128.49, 128.46, 128.3, 128.0, 127.9, 127.83, 127.77, 124.1 (q, J 271 Hz), 118.0, 117.6 (q, J
3.8 Hz), 111.5 (q, J 3.7 Hz), 101.3, 74.7, 73.6, 73.5, 73.3, 72.8, 71.9, 69.8, 64.6, 56.4, 39.6. 19F NMR (CDCl3,
376 MHz): −62.6. HRMS calcd for C36H41F3NO6+NH4

+ (M+NH4)+: 640.2886, found: 640.2895.
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3.6. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Methoxymethyl-β-d-Gulopyranoside 16

Compound 14a (57 mg, 0.12 mmol) was stirred in a 5 mL round-bottom flask in dry THF (2 mL)
for 5 min at 0 ◦C. Into the solution, NaH (6 mg, 0.24 mmol) was added and the stirring was continued
at 0 ◦C for 5 min. Then, into the reaction mixture iodomethane dropwise was added and the reaction
temperature increased to rt gradually. Stirring continued overnight when the TLC showed almost
complete consumption of the starting material (TLC heptane/EtOAc, 3:2, Rf 0.53). Then, NaH was
quenched with EtOAc and the volatiles were removed under reduced pressure. The residue was
subjected to column chromatography (heptane/EtOAc, 6:1 to 3:1) to provide the purified product 16
(46 mg, 0.09 mmol, 78%). [α]25

D −62.5 (c 1.2, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.35–7.20 (m, 15H,
ArH), 4.76 (d, 1H, J 12.0 Hz, CH2Ph), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.57 (d, 1H, J 11.6 Hz, CH2Ph),
4.53 (d, 1H, J1,2 6.4 Hz, H-1), 4.48 (d, 2H, J 12.4 Hz, CH2Ph), 4.37 (d, 1H, J 11.6 Hz, CH2Ph), 4.11–4.07
(m, 1H, H-5), 3.75–3.71 (m, 3H, H-2, H-4, H-6a), 3.67–3.61 (m, 2H, H-6b, CH2OCH3), 3.56–3.50 (m, 4H,
CH2OCH3, OCH3), 3.29 (s, 3H, CH2OCH3), 2.58–2.52 (m, 3H, H-3). 13C NMR (CDCl3, 100 MHz): 138.8,
138.43, 138.39, 128.5, 128.43, 128.36, 128.1, 127.94, 128.90, 127.8, 127.74, 127.69, 127.66, 101.8, 75.1, 74.7,
73.7, 73.3, 73.2, 71.8, 70.2, 69.2, 59.0, 56.4, 40.2. HRMS calcd for C17H21NO6+H+ (M+H)+: 335.1369,
found: 335.1369.

3.7. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Azidomethyl-β-d-Gulopyranoside 17

Into a stirred solution of 14a (1.6 g, 3.35 mmol) in DCM (25 mL) containing Et3N (890µL, 6.69 mmol)
at 0 ◦C MsCl (390 µL, 5.02 mmol) was added dropwise over 5 min, and the solution was stirred for 4 h
at rt (TLC heptane/EtOAc, 1:1, Rf 0.31). The solution was extracted with 1N HCl (2 × 50 mL) followed
by sat’d NaHCO3 (2 × 50 mL), and the organic layer was dried (Na2SO4). The solvent was removed by
rotary evaporation to give a yellow liquid that was dissolved in dry DMF (10 mL). Sodium azide (1.3 g,
20.08 mmol) was added and the solution was heated at 80 ◦C for 6 h to give a yellowish-brown mixture.
The mixture was cooled at rt, water (50 mL) was added, and the mixture was extracted with EtOAc (2
× 40 mL). The organic layer was washed with brine (50 mL) and dried (Na2SO4). The solvent was
removed by rotary evaporation to give a yellow liquid that was then purified by flash chromatography
(Heptane/EtOAc 8:1 to 3:1) to give compound 17 (1.4 g, 2.78 mmol, 83% from 14a) as a colorless liquid.
[α]25

D −5.2 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.38–7.20 (m, 15H, ArH), 4.76 (d, 1H, J 12.0 Hz,
CH2Ph), 4.56 (d, 1H, J 12.0 Hz, CH2Ph), 4.55 (d, 1H, J 11.6 Hz, CH2Ph), 4.51 (d, 1H, J1,2 6.4 Hz, H-1),
4.48 (d, 1H, J 12.4 Hz, CH2Ph), 4.44 (d, 1H, J 12.0 Hz, CH2Ph), 4.41 (d, 1H, J 12.0 Hz, CH2Ph), 4.09–4.05
(m, 1H, H-5), 3.77–3.64 (m, 5H, H-2, H-4, H-6a, H-6b, CH2N3), 3.50 (s, 3H, OCH3), 3.39 (dd, 1H, J
12.4 Hz, J 8.4 Hz, CH2N3), 2.42–2.36 (m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 138.4, 138.3, 137.9,
128.53, 128.52, 128.50, 128.2, 128.02, 127.95, 127.9, 127.8, 100.8, 75.0, 73.7, 73.6, 73.4, 72.5, 72.0, 69.6, 56.4,
48.6, 39.7. HRMS calcd for C29H33N3O5+NH4

+ (M+NH4)+: 521.2764, found: 521.2775.

3.8. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-[4-(3-Fluorophenyl)-1H-1,2,3-Triazol-1-Yl-Methyl]-
β-d-Gulopyranoside 18

A solution of azide 17 (53 mg, 0.10 mmol) in dichloromethane (2 mL), 1-Ethynyl-3-fluorobenzene
(18.1 µL, 0.16 mmol), CuI (10 mol%, 2 mg) and DIPEA (28 µL, 0.16 mmol) were added and the mixture
was stirred at room temperature for 48 h (TLC heptane/EtOAc, 2:1, Rf 0.58). The solvent was removed
under reduced pressure, and the residue was dissolved in EtOAc (10 mL) and the solution was washed
with sat. NH4Cl (10 mL), brine (10 mL), dried over Na2SO4 and concentrated in vacuo. The product
was purified by flash column chromatography (heptane/EtOAc, 6:1 to 1:1) to give the corresponding
triazole, 18 as white amorphous solid (56.4 mg, 0.09 mmol, 86%). [α]25

D −63 (c 0.6, CHCl3). 1H NMR
(CDCl3, 400 MHz): 7.52–7.04 (m, 20H, ArH), 4.80 (d, 1H, J 11.6 Hz, CH2Ph), 4.63 (dd, 1H, J 6.8 Hz,
J 14.0 Hz, H-3′), 4.60–4.44 (m, 7H, H-1, H-3′, CH2Ph), 4.35 (d, 1H, J 11.6 Hz, CH2Ph), 4.26–4.22 (m,
1H, H-5), 3.79 (dd, 1H, J 10.0 Hz, J 7.2 Hz, H-6a), 3.74 (dd, 1H, J 6.4 Hz, J 3.2 Hz, H-4), 3.71 (dd, 1H, J
10.0 Hz, J 5.2 Hz, H-6b), 3.79 (t, 1H, J 4.8 Hz, H-2), 3.51 (s, 1H, OCH3), 2.68–2.61 (m, 1H, H-3). 13C NMR
(CDCl3, 100 MHz): 163.3 (d, J 244 Hz), 146.8, 138.19, 138.16, 137.4, 132.8 (d, J 8.3 Hz), 130.5 (d, J 8.4 Hz),
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128.7, 128.52, 128.51, 128.3, 128.2, 128.0, 127.9, 127.8, 121.3 (d, J 2.7 Hz), 120.6, 115.0 (d, J 22 Hz), 112.7 (d,
J 23 Hz), 100.1, 75.2, 73.52, 73.47, 73.1, 72.5, 72.2, 69.4, 56.4, 47.4, 41.1. 19F NMR (CDCl3, 376 MHz):
−112.7. HRMS calcd for C37H38FN3O5+H+ (M+H)+: 624.2874, found: 624.2884.

3.9. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(Aminomethyl)-β-d-Gulopyranoside 19

Into a stirred solution of 17 (1.31 g, 2.60 mmol) in dry THF (20 mL) at 0 ◦C, LiAlH4 (148 mg,
3.9 mmol) was added in portions over 5 min under nitrogen atmosphere, and the solution was stirred
for 1 h at rt (TLC DCM/MeOH, 15:1, Rf 0.44). After 30 min, TLC was checked which shows complete
conversion of the azide into amine. Then, the reaction was quenched EtOAc and the reaction mixture
was filtered through a pad of Celite® (St. Louis, MO, USA). Then, the filtrate was concentrated in
vacuo and the crude was purified by column chromatography (DCM:MeOH 25:1) to give compound
19 (969 mg, 2.03 mmol, yield 78%) as a colorless oil. [α]25

D −36.2 (c 1.1, CHCl3). 1H NMR (CDCl3,
400 MHz): 7.35–7.22 (m, 15H, ArH), 4.80 (d, 1H, J 12.0 Hz, CH2Ph), 4.57–4.54 (m, 3H, H-1, CH2Ph), 4.51
(d, 1H, J 12.0 Hz, CH2Ph), 4.47 (d, 1H, J 12.0 Hz, CH2Ph), 4.42 (d, 1H, J 11.6 Hz, CH2Ph), 3.97–3.93 (m,
1H, H-5), 3.74–3.65 (m, 4H, H-2, H-4, H-6a, H-6b), 3.52 (s, 3H, OCH3), 3.08 (dd, 1H, J 6.4 Hz, J 12.8 Hz,
CH2NH2), 2.68 (dd, 1H, J 12.8 Hz, J 6.4 Hz, CH2NH2), 2.32–2.27 (m, 1H, H-3), 1.99 (bs, 2H, CH2NH2).
13C NMR (CDCl3, 100 MHz): 138.6, 138.3, 138.1, 128.53, 128.49, 128.4, 128.2, 128.0, 127.9, 127.83, 127.81,
127.77, 101.3, 76.2, 75.2, 73.6, 73.4, 72.9, 71.7, 69.7, 56.4, 42.7, 39.7. HRMS calcd for C29H35NO5+H+

(M+H)+: 478.2593, found: 478.2603.

3.10. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3-Fluorophenylureidomethyl)-β-d-Gulopyranoside 20

A solution of amine 19 (61 mg, 0.13 mmol) in dry dichloromethane (2 mL), Et3N (35.6µL, 0.26 mmol)
was added and the mixture was stirred at room temperature for 5 min under N2 atmosphere. Then
into the solution phenyl isocyanate (29.2 µL, 0.26 mmol) was added and the solution was stirred at rt
for 12 h (TLC heptane/EtOAc, 1:1, Rf 0.32). The solvent was removed under reduced pressure, and
the residue was dissolved in EtOAc (10 mL) and the solution was washed with brine (10 mL), dried
over Na2SO4 and concentrated in vacuo. The product was purified by flash column chromatography
(heptane/EtOAc, 5:1 to 2:1) to give the corresponding semicarbazide 20 as a colorless oil (53.4 mg,
0.09 mmol, yield 68%). [α]25

D −83.1 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.39–7.12 (m, 17H,
ArH), 6.85 (dd, 1H, J 1.2 Hz, J 8.0 Hz, ArH), 6.71–6.66 (m, 1H, ArH), 6.11 (bs, 1H, NHCONHC6H4F),
5.30 (bs, 1H, NHCONHC6H4F), 4.79 (d, 1H, J 11.6 Hz, CH2Ph), 4.59 (d, 1H, J 6.0 Hz, H-1), 4.55 (d,
1H, J 12.0 Hz, CH2Ph), 4.49 (d, 1H, J 12.4 Hz, CH2Ph), 4.48–4.42 (m, 3H, CH2Ph), 4.03–3.99 (m, 1H,
H-5), 3.74–3.65 (m, 4H, H-2, H-4, H-6a, H-6b), 3.51 (s, 1H, OCH3), 3.42 (dd, 1H, J 14.0 Hz, J 5.6 Hz,
CH2NHCONHC6H4F), 3.34 (dd, 1H, J 14.0 Hz, J 7.6 Hz, CH2NHCONHC6H4F), 2.42–2.36 (m, 1H, H-3).
13C NMR (CDCl3, 100 MHz): 163.3 (d, J 243 Hz), 154.9, 140.6 (d, J 11 Hz), 138.4, 138.2, 137.9, 130.2 (d, J
9.5 Hz), 128.8, 128.5, 128.3, 128.2, 128.0, 127.9, 127.8, 114.8 (d, J 2.7 Hz), 109.7 (d, J 21.2 Hz), 106.9 (d, J
26 Hz), 100.7, 75.3, 73.54, 73.49, 73.0, 72.1, 69.4, 56.5, 39.8, 39.1. 19F NMR (CDCl3, 376 MHz): −111.6.
HRMS calcd for C36H40FN2O6+H+ (M+H)+: 615.2886, found: 615.2870.

3.11. General Procedure for the Synthesis of Amides 21, 22a–22l, and 23

To a solution of the amine (1 eq) in dry DCM (2 mL per 0.1 mmol) Et3N (2 eq) was added. Into
the solution, acid chloride or anhydride (1.5 eq) was added and the solution was stirred at rt for 8 h.
After that, 1(N) HCl solution was added to the reaction mixture and extracted with DCM and washed
successively with saturated NaHCO3. After evaporating the solvents in vacuo, the crude material thus
obtained was purified by flash chromatography using heptane–EtOAc (5:1 to 1:1) to give pure amides
as colorless oils.

3.11.1. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-Phenylsulfonamidomethyl-β-d-Gulopyranoside 21

Compound 21 (TLC heptane/EtOAc, 2:1, Rf 0.21) was prepared according to the general procedure
3.11 from the amine 19 (55 mg, 0.12 mmol). Obtained as a colorless oil in 65% yield (46.2 mg, 0.07 mmol).
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[α]25
D −55.7 (c 0.7, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.73–7.17 (m, 20H, ArH), 5.23 (dd, 1H, J 5.2 Hz,

J 6.8 Hz, CH2NHSO), 4.75 (d, 1H, J 11.6 Hz, CH2Ph), 4.53 (d, 1H, J 12.0 Hz, CH2Ph), 4.50 (d, 1H, J
12.0 Hz, CH2Ph), 4.45 (d, 1H, J 12.0 Hz, CH2Ph), 4.42 (d, 1H, J 6.0 Hz, H-1), 4.39 (d, 1H, J 11.2 Hz,
CH2Ph), 4.36 (d, 1H, J 11.2 Hz, CH2Ph), 3.90–3.87 (m, 1H, H-5), 3.70–3.60 (m, 4H, H-2, H-4, H-6a, H-6b),
3.47 (s, 3H, OCH3), 3.17–3.10 (m, 1H, CH2NHSO), 3.00–2.93 (m, 1H, CH2NHSO), 2.41–2.35 (m, 1H,
H-3). 13C NMR (CDCl3, 100 MHz): 139.7, 138.1, 137.9, 137.6, 132.6, 129.1, 128.7, 128.5, 128.2, 128.1,
127.94, 127.91, 127.8, 127.1, 100.5, 76.3, 74.8, 73.54, 73.50, 72.8, 71.8, 69.3, 56.3, 42.2, 39.1. HRMS calcd for
C35H39NO7S+NH4

+ (M+NH4)+: 635.2788, found: 635.2791.

3.11.2. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(Benzamidomethyl)-β-d-Gulopyranoside 22a

Compound 22a (TLC heptane/EtOAc, 2:1, Rf 0.27) was prepared according to the general procedure
3.11 from the amine 19 (43 mg, 0.09 mmol). Obtained as a colorless oil in 70% yield (37 mg, 0.06 mmol).
[α]25

D −42.4 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.43–7.22 (m, 20H, ArH), 7.03 (t, 1H, J 5.6 Hz,
CH2NHCO), 4.89 (d, 1H, J 11.2 Hz, CH2Ph), 4.69 (d, 1H, J1,2 6.0 Hz, H-1), 4.57 (d, 1H, J 12.0 Hz, CH2Ph),
4.55–4.46 (m, 4H, CH2Ph), 4.07–4.03 (m, 1H, H-5), 3.82 (dd, 1H, J1,2 6.0 Hz, J2,3 4.8 Hz, H-2), 3.79–3.68
(m, 4H, H-4, H-6a, H-6b, CH2NHCO), 3.60–3.53 (m, 4H, OCH3, CH2NHCO), 2.51–2.46 (m, 1H, H-3).
13C NMR (CDCl3, 100 MHz): 166.8, 138.3, 138.2, 137.8, 134.2, 131.2, 128.7, 128.53, 128.51, 128.47, 128.3,
128.2, 128.0, 127.8, 126.9, 100.9, 77.9, 75.9, 74.3, 73.5, 73.1, 72.2, 69.4, 56.5, 39.8, 39.3. HRMS calcd for
C36H39NO6+H+ (M+H)+: 582.2856, found: 582.2851.

3.11.3. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(Acetamidomethyl)-β-d-Gulopyranoside 22b

Compound 22b (TLC heptane/EtOAc, 1:1, Rf 0.4) was prepared according to the general procedure
3.11 from the amine 19 (49 mg, 0.10 mmol). Obtained as a colorless oil in 62% yield (33 mg, 0.06 mmol).
[α]25

D −31.6 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.39–7.21 (m, 15H, ArH), 6.05 (bs, 1H,
NHCOCH3), 4.83 (d, 1H, J 11.6 Hz, CH2Ph), 4.59 (d, 1H, J1,2 6.4 Hz, H-1), 4.55 (d, 1H, J 12.0 Hz, CH2Ph),
4.52–4.42 (m, 4H, CH2Ph), 3.98 (td, 1H, J 6.0 Hz, J 2.8 Hz, H-5), 3.74–3.64 (m, 4H, H-2, H-4, H-6a, H-6b),
3.53 (s, 3H, OCH3), 3.51–3.45 (m, 1H, CH2NHCO), 3.32–3.26 (s, 1H, CH2NHCO), 2.36–2.30 (m, 1H,
H-3), 1.74 (s, 3H, NHCOCH3). 13C NMR (CDCl3, 100 MHz): 169.9, 138.4, 138.3, 137.9, 128.7, 128.5,
128.2, 128.12, 128.09, 127.94, 127.86, 127.7, 100.8, 77.1, 75.4, 73.8, 73.5, 73.0, 72.0, 69.4, 56.5, 39.7, 38.4,
23.2. HRMS calcd for C31H37NO6+H+ (M+H)+: 520.2699, found: 520.2704.

3.11.4. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(2-Fluorobenzamidomethyl)-β-d-Gulopyranoside 22c

Compound 22c (TLC heptane/EtOAc, 2:1, Rf 0.19) was prepared according to the general procedure
3.11 from the amine 19 (49 mg, 0.10 mmol). Obtained as a colorless oil in 59% yield (31.5 mg, 0.06 mmol).
[α]25

D −41.7 (c 0.7, CHCl3). 1H NMR (CDCl3, 400 MHz): 8.05–8.01 (td, 1H, J 8.0 Hz, J 1.6 Hz, ArH),
7.48–7.43 (m, 1H, ArH), 7.36–7.16 (m, 17H, ArH), 7.07–7.02 (m, 1H, ArH), 4.84 (d, 1H, J 11.6 Hz, CH2Ph),
4.65 (d, 1H, J1,2 6.8 Hz, H-1), 4.62 (d, 1H, J 12.0 Hz, CH2Ph), 4.57 (d, 1H, J 12.0 Hz, CH2Ph), 4.48 (d, 1H,
J 12.0 Hz, CH2Ph), 4.46 (d, 1H, J 11.6 Hz, CH2Ph), 4.40 (d, 1H, J 11.6 Hz, CH2Ph), 4.07 (td, 1H, J 6.0 Hz,
J 2.8 Hz, H-5), 3.79–3.58 (m, 6H, H-2, H-4, H-6a, H-6b, CH2NHCO), 3.54 (s, 3H, OCH3), 2.49–2.43 (m,
1H, H-3). 13C NMR (CDCl3, 100 MHz): 163.2 (d, J 3.0 Hz), 160.6 (d, J 247 Hz), 138.3, 138.2, 137.8,
133.1 (d, J 9.0 Hz), 132.0 (d, J 2.0 Hz), 128.46, 128.45, 128.4, 128.3, 128.2, 127.9, 127.8, 127.7, 124.7 (d,
J 3.1 Hz), 121.4 (d, J 12 Hz), 116.1 (d, J 24 Hz), 101.0, 76.3, 75.1, 73.6, 73.5, 72.9, 72.0, 69.5, 56.5, 40.0,
38.5. 19F NMR (CDCl3, 376 MHz): -113.4. HRMS calcd for C36H38FNO6+NH4

+ (M+NH4)+: 617.3027,
found: 617.3025.

3.11.5. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3-Fluorobenzamidomethyl)-β-d-Gulopyranoside 22d

Compound 22d (TLC heptane/EtOAc, 2:1, Rf 0.24) was prepared according to the general procedure
3.11 from the amine 19 (46 mg, 0.10 mmol). Obtained as a colorless oil in 67% yield (48 mg, 0.06 mmol).
[α]25

D −61.8 (c 0.7, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–6.99 (m, 20H, NHCO, ArH), 4.89 (d, 1H, J
11.2 Hz, CH2Ph), 4.69 (d, 1H, J1,2 6.0 Hz, H-1), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.54–4.47 (m, 4H, CH2Ph),
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4.07 (td, 1H, J 6.4 Hz, J 2.8 Hz, H-5), 3.82 (dd, 1H, J1,2 6.0 Hz, J2,3 4.8 Hz, H-2), 3.81–3.66 (m, 4H, H-4,
H-6a, H-6b, CH2NHCO), 3.60–3.54 (m, 4H, CH2NHCO, OCH3), 2.50–2.44 (m, 1H, H-3). 13C NMR
(CDCl3, 100 MHz): 165.5 (d, J 2.2 Hz), 162.7 (d, J 246 Hz), 138.2, 138.0, 137.7, 136.6 (d, J 6.8 Hz), 130.0 (d,
J 7.8 Hz), 128.7, 128.53, 128.50, 128.4, 128.29, 128.25, 128.0, 127.9, 127.8, 122.1 (d, J 3.0 Hz), 118.2 (d, J
22 Hz), 114.4 (d, J 23 Hz), 100.8, 78.8, 75.8, 74.3, 73.5, 73.0, 72.2, 69.3, 56.5, 39.6, 39.5. 19F NMR (CDCl3,
376 MHz): −111.9. HRMS calcd for C36H38FNO6+H+ (M+H)+: 600.2761, found: 600.2772.

3.11.6. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(4-Fluorobenzamidomethyl)-β-d-Gulopyranoside 22e

Compound 22e (TLC heptane/EtOAc, 2:1, Rf 0.2) was prepared according to the general procedure
3.11 from the amine 19 (51 mg, 0.11 mmol). Obtained as a colorless oil in 71% yield (45.4 mg, 0.08 mmol).
[α]25

D +51.9 (c 0.6, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–7.23 (m, 17H, ArH), 7.05 (t, 1H, J 5.6 Hz,
NHCO), 6.89–6.84 (m, 2H, ArH), 4.90 (d, 1H, J 11.2 Hz, CH2Ph), 4.70 (d, 1H, J1,2 6.0 Hz, H-1), 4.58 (d,
1H, J 12.0 Hz, CH2Ph), 4.54–4.48 (m, 4H, CH2Ph), 4.05 (td, 1H, J 6.0 Hz, J 2.8 Hz, H-5), 3.83 (dd, 1H, J1,2

6.0 Hz, J2,3 4.8 Hz, H-2), 3.80–3.67 (m, 4H, H-4, H-6a, H-6b, CH2NHCO), 3.59–3.52 (m, 4H, CH2NHCO,
OCH3), 2.52–2.46 (m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 165.7, 164.5 (d, J 250 Hz), 138.2, 138.1,
130.3 (d, J 3.0 Hz), 129.1 (d, J 8.9 Hz), 128.8, 128.6, 128.53, 128.52, 128.33, 128.28, 128.0, 127.9, 127.8, 115.4
(d, J 22 Hz), 100.8, 78.1, 76.0, 74.4, 73.5, 73.1, 72.2, 69.3, 56.5, 39.61, 39.58. 19F NMR (CDCl3, 376 MHz):
−108.8. HRMS calcd for C36H38FNO6+NH4

+ (M+NH4)+: 617.3027, found: 617.3038.

3.11.7. Methyl2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3,4,5-Trifluorobenzamidomethyl)-
β-d-Gulopyranoside 22f

Compound 22f (TLC heptane/EtOAc, 2:1, Rf 0.18) was prepared according to the general procedure
3.11 from the amine 19 (49 mg, 0.10 mmol). Obtained as a colorless oil in 53% yield (34.6 mg, 0.06 mmol).
[α]25

D −73.6 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–6.93 (m, 18H, ArH), 4.87 (d, 1H, J 11.2 Hz,
CH2Ph), 4.68 (d, 1H, J1,2 5.6 Hz, H-1), 4.58 (d, 1H, J 11.6 Hz, CH2Ph), 4.51–4.48 (m, 4H, CH2Ph), 4.07
(td, 1H, J 6.4 Hz, J 3.6 Hz, H-5), 3.82–3.53 (m, 9H, H-2, H-4, H-6a, H-6b, OCH3, CH2NHCO), 2.46–2.40
(m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 163.7, 151.0 (ddd, J 3.4 Hz, J 10.2 Hz, J 251 Hz), 141.9 (dt,
J 15.2 Hz, J 255 Hz), 138.2, 137.9, 137.7, 130.4–130.2 (m), 128.8, 128.6, 128.53, 128.47, 128.29, 128.27,
128.2, 127.90, 127.85, 111.5 (dd, J 6.1 Hz, J 16 Hz), 100.5, 78.1, 75.8, 74.3, 73.6, 73.0, 72.3, 69.3, 56.5,
40.0, 39.3. 19F NMR (CDCl3, 376 MHz): -132.1 (d, J 20 Hz), −155.7 (t, J 20 Hz). HRMS calcd for
C36H36F3NO6+NH4

+ (M+NH4)+: 653.2838, found: 653.2845.

3.11.8. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(2,3,4,5,6-Pentafluorobenzamidomethyl)-
β-d-Gulopyranoside 22g

Compound 22g (TLC heptane/EtOAc, 2:1, Rf 0.17) was prepared according to the general procedure
3.11 from the amine 19 (45 mg, 0.09 mmol). Obtained as a colorless oil in 49% yield (31 mg, 0.05 mmol).
[α]25

D −75.7 (c 0.5, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–7.20 (m, 15H, ArH), 6.81 (t, 1H, J 5.6 Hz,
CH2NHCO), 4.89 (d, 1H, J 11.2 Hz, CH2Ph), 4.65 (d, 1H, J1,2 6.0 Hz, H-1), 4.57 (d, 1H, J 12.0 Hz, CH2Ph),
4.51 (d, 1H, J 11.2 Hz, CH2Ph), 4.48 (d, 1H, J 12.0 Hz, CH2Ph), 4.47 (d, 1H, J 12.0 Hz, CH2Ph), 4.42
(d, 1H, J 12.0 Hz, CH2Ph), 4.06 (td, 1H, J 6.8 Hz, J 3.6 Hz, H-5), 3.81 (dd, 1H, J1,2 6.0 Hz, J2,3 3.6 Hz,
H-2), 3.78–3.69 (m, 3H, H-4, H-6a, H-6b), 3.63–3.58 (m, 2H, CH2NHCO), 3.54 (s, 1H, OCH3), 2.45–3.39
(m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 156.9, 145.1–144.9 (m), 142.6–142.4 (m), 140.9–140.6 (m),
138.8–138.5 (m), 138.2, 137.9, 137.7, 136.3–136.0 (m), 128.5, 128.2, 128.1, 128.0, 127.9, 127.8, 111.9–111.5
(m), 106.4, 100.3, 77.8, 75.4, 73.9, 73.5, 72.4, 69.3, 56.5, 39.8, 38.9. 19F NMR (CDCl3, 376 MHz): −140.5 to
−140.6 (m, 2F), −151.7 (t, 1F, J 21 Hz), −160.1 to −160.3 (m, 2F). HRMS calcd for C36H34F5NO6+NH4

+

(M+NH4)+: 689.2650, found: 689.2656.

3.11.9. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3-Methoxybenzamidomethyl)-β-d-Gulopyranoside 22h

Compound 22h (TLC heptane/EtOAc, 1:1, Rf 0.45) was prepared according to the general procedure
3.11 from the amine 19 (47 mg, 0.10 mmol). Obtained as a colorless oil in 51% yield (30.7 mg, 0.05 mmol).
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[α]25
D −43.2 (c 0.5, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.35–7.21 (m, 17H, ArH), 7.08 (t, 1H, J 8.0 Hz,

ArH), 7.00 (m, 2H, CH2NHCO, ArH), 6.75–6.72 (m, 1H, ArH), 4.87 (d, 1H, J 11.6 Hz, CH2Ph), 4.68
(d, 1H, J1,2 6.4 Hz, H-1), 4.57 (d, 1H, J 11.6 Hz, CH2Ph), 4.54 (d, 1H, J 11.6 Hz, CH2Ph), 4.51 (d, 1H, J
12.8 Hz, CH2Ph), 4.48 (d, 1H, J 11.2 Hz, CH2Ph), 4.45 (d, 1H, J 11.2 Hz, CH2Ph), 4.05 (td, 1H, J 6.4 Hz, J
2.8 Hz, H-5), 3.83 (dd, 1H, J1,2 6.4 Hz, J2,3 5.2 Hz, H-2), 3.79 (s, 3H, C6H4OCH3), 3.78–3.67 (m, 5H, H-2,
H-4, H-6a, H-6b, CH2NHCO), 3.59–3.53 (m, 4H, CH2NHCO, OCH3), 2.50–2.45 (m, 1H, H-3). 13C NMR
(CDCl3, 100 MHz): 166.8, 159.9, 138.3, 138.2, 137.8, 129.5, 128.7, 128.5, 128.4, 128.3, 128.1, 128.0, 127.9,
127.8, 118.4, 117.7, 112.3, 100.9, 77.6, 75.8, 74.2, 73.5, 73.1, 72.1, 69.4, 56.5, 55.5, 39.8, 39.2. HRMS calcd
for C37H41NO7+H+ (M+H)+: 612.2961, found: 612.2972.

3.11.10. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(p-Toluamidomethyl)-β-d-Gulopyranoside 22i

Compound 22i (TLC heptane/EtOAc, 2:1, Rf 0.24) was prepared according to the general procedure
3.11 from the amine 19 (51 mg, 0.11 mmol). Obtained as a colorless oil in 61% yield (38.8 mg, 0.07 mmol).
[α]25

D −56.2 (c 0.5, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.35–7.21 (m, 17H, ArH), 7.04 (d, 1H, J 7.6 Hz,
ArH), 6.96 (t, 1H, J 6.0 Hz, CH2NHCO), 4.88 (d, 1H, J 11.2 Hz, CH2Ph), 4.68 (d, 1H, J1,2 6.4 Hz, H-1),
4.57 (d, 1H, J 12.0 Hz, CH2Ph), 4.53 (d, 1H, J 11.2 Hz, CH2Ph), 4.51 (d, 1H, J 12.0 Hz, CH2Ph), 4.48
(d, 1H, J 12.0 Hz, CH2Ph), 4.45 (d, 1H, J 11.6 Hz, CH2Ph), 4.04 (td, 1H, J 6.4 Hz, J 2.8 Hz, H-5), 3.82
(dd, 1H, J1,2 6.4 Hz, J2,3 5.2 Hz, H-2), 3.78–3.67 (m, 3H, H-4, H-6a, H-6b, CH2NHCO), 3.58–3.52 (m,
4H, CH2NHCO, OCH3), 2.51–2.45 (m, 1H, H-3), 2.36 (s, 3H, CH3). 13C NMR (CDCl3, 100 MHz): 166.8,
141.6, 138.3, 138.2, 137.9, 131.4, 130.3, 129.24, 129.16, 128.7, 128.52, 128.51, 128.4, 128.3, 128.1, 128.0,
127.9, 127.8, 126.9, 101.0, 77.8, 75.9, 74.2, 73.5, 73.1, 72.1, 69.4, 56.5, 39.9, 39.2, 21.5. HRMS calcd for
C37H41NO6+H+ (M+H)+: 596.3012, found: 596.3019.

3.11.11. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(3,5-Dimethoxybenzamidomethyl)-
β-d-Gulopyranoside 22j

Compound 22j (TLC heptane/EtOAc, 2:1, Rf 0.22) was prepared according to the general procedure
3.11 from the amine 19 (53 mg, 0.11 mmol). Obtained as a colorless oil in 67% yield (48 mg, 0.07 mmol).
[α]25

D −39.5 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.35–7.18 (m, 15H, ArH), 6.82 (t, 1H, J 6.0 Hz,
NHCO), 6.72 (d, 2H, J 2.4 Hz, ArH), 6.54 (t, 1H, J 2.4 Hz, ArH), 4.84 (d, 1H, J 11.6 Hz, CH2Ph), 4.65
(d, 1H, J1,2 6.4 Hz, H-1), 4.57 (d, 1H, J 12.0 Hz, CH2Ph), 4.56 (d, 1H, J 12.0 Hz, CH2Ph), 4.48 (d, 1H, J
11.6 Hz, CH2Ph), 4.47 (d, 1H, J 11.6 Hz, CH2Ph), 4.43 (d, 1H, J 11.6 Hz, CH2Ph), 4.03 (td, 1H, J 6.4 Hz, J
2.8 Hz, H-5), 3.78 (dd, 1H, J1,2 6.0 Hz, J2,3 4.8 Hz, H-2), 3.75–3.65 (m, 10H, H-4, H-6a, H-6b, CH2NHCO,
2 × OCH3), 3.57–3.52 (m, 4H, CH2NHCO, OCH3), 2.47–2.41 (m, 1H, H-3). 13C NMR (CDCl3, 100 MHz):
167.1, 160.9, 163.3, 138.3, 138.2, 137.8, 136.8, 128.7, 128.5, 128.2, 128.1, 128.0, 127.93, 127.88, 127.8, 104.9,
103.6, 100.9, 77.2, 75.6, 73.9, 73.5, 73.1, 72.1, 69.5, 56.5, 55.6, 39.9, 39.0. HRMS calcd for C38H43NO8+H+

(M+H)+: 642.3066, found: 642.3067.

3.11.12. Methyl 2,4,6-tri-O-Benzyl-3-Deoxy-3-C-(3-Trifluoromethylbenzamidomethyl)-
β-d-Gulopyranoside 22k

Compound 22k (TLC heptane/EtOAc, 2:1, Rf 0.25) was prepared according to the general procedure
3.11 from the amine 19 (43 mg, 0.09 mmol). Obtained as a colorless oil in 55% yield (32.2 mg, 0.05 mmol).
[α]25

D −38.7 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 8.00 (s, 1H, ArH), 7.69–7.66 (m, 1H, ArH),
7.34–7.21 (m, 17H, ArH), 7.09 (t, 1H, J 6.0 Hz, CH2NHCO), 4.88 (d, 1H, J 11.6 Hz, CH2Ph), 4.69 (d,
1H, J1,2 6.0 Hz, H-1), 4.58 (d, 1H, J 12.0 Hz, CH2Ph), 4.53 (d, 1H, J 11.2 Hz, CH2Ph), 4.51–4.47 (m, 3H,
CH2Ph), 4.07 (s td, 1H, J 6.4 Hz, J 3.2 Hz, H-5), 3.83 (dd, 1H, J 6.0 Hz, J 4.8 Hz, H-2), 3.81–3.68 (m, 4H,
H-2, H-4, H-6a, H-6b, CH2NHCO), 3.62–3.59 (m, 1H, CH2NHCO), 3.56 (s, 3H, OCH3), 2.50–2.45 (m,
1H, H-3). 13C NMR (CDCl3, 100 MHz): 165.5, 138.2, 138.1, 137.8, 135.1, 133.4 131.2 (q, J 32 Hz), 129.5,
129.2, 129.1, 128.7, 128.54, 128.52, 128.4, 128.31, 128.25, 128.0, 127.9, 127.8, 125.2, 124.6 (q, J 3.7 Hz), 123.7
(q, J 271 Hz), 100.8, 77.8, 75.8, 74.3, 73.6, 73.1, 72.2, 69.3, 56.5, 39.62, 39.61. 19F NMR (CDCl3, 376 MHz):
−62.7. HRMS calcd for C37H38F3NO6+H+ (M+H)+: 650.2729, found: 650.2727.
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3.11.13. Methyl 2,4,6-Tri-O-Benzyl-3-Deoxy-3-C-(4-Phenylbenzamidomethyl)-β-d-Gulopyranoside 22l

Compound 22l (TLC heptane/EtOAc, 2:1, Rf 0.32) was prepared according to the general procedure
3.11 from the amine 19 (60 mg, 0.13 mmol). Obtained as a colorless oil in 55% yield (45.5 mg, 0.07 mmol).
[α]25

D −47.8 (c 0.9, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.61–7.24 (m, 24H, ArH), 7.10 (t, 1H, J 6.0 Hz,
CH2NHCO), 4.92 (d, 1H, J 11.2 Hz, CH2Ph), 4.72 (d, 1H, J1,2 6.4 Hz, H-1), 4.59 (d, 1H, J 12.0 Hz, CH2Ph),
4.57–4.48 (m, 4H, CH2Ph), 4.08 (td, 1H, J 6.0 Hz, J 2.8 Hz, H-5), 3.85 (dd, 1H, J1,2 6.0 Hz, J2,3 4.8 Hz, H-2),
3.82–3.70 (m, 4H, H-4, H-6a, H-6b, CH2NHCO), 3.64–3.59 (m, 1H, CH2NHCO), 3.58 (s, 3H, OCH3),
2.55–2.50 (m, 1H, H-3). 13C NMR (CDCl3, 100 MHz): 166.5, 143.9, 140.3, 138.3, 138.2, 137.9, 132.9, 129.0,
128.7, 128.53, 128,49, 128.3, 128.2, 128.02, 127.98, 127.9, 127.8, 127.4, 127.24, 127.15, 100.9, 77.9, 75.9, 74.3,
73.5, 73.1, 72.2, 69.4, 56.5, 39.8, 39.4. HRMS calcd for C42H43NO6+NH4

+ (M+NH4)+: 675.3434, found:
675.3433.

3.11.14. Methyl 2,4,6-tri-O-Benzyl-3-Deoxy-3-C-(Diphenylphosphonamidomethyl)-
β-d-Gulopyranoside 23

Compound 23 (TLC heptane/EtOAc, 2:1, Rf 0.26) was prepared according to the general procedure
3.11 from the amine 19 (52 mg, 0.11 mmol). Obtained as a colorless oil in 69% yield (53.3 mg, 0.08 mmol).
[α]25

D −77.8 (c 0.7, CHCl3). 1H NMR (CDCl3, 400 MHz): 7.36–7.13 (m, 20H, ArH), 4.76 (d, 1H, J 12.0 Hz,
CH2Ph), 4.55–49 (m, 3H, H-1, CH2Ph), 4.45 (d, 1H, J 12.0 Hz, CH2Ph), 4.34 (d, 1H, J 11.6 Hz, CH2Ph), 4.28
(d, 1H, J 11.6 Hz, CH2Ph), 3.95–92 (m, 1H, H-5), 3.71–3.58 (m, 5H, H-2, H-4, H-6a, H-6b, NHPO(OPh)2),
3.47 (s, 3H, OCH3), 3.40–3.31 (m, 1H, CH2NHSO), 3.15–3.09 (m, 1H, CH2NHSO), 2.33–2.27 (m, 1H,
H-3). 13C NMR (CDCl3, 100 MHz): 150.9 (dd, J 6.7 Hz, J 2.4 Hz), 138.22, 138.21, 137.9, 128.6, 128.51,
128.45, 128.1, 128.0, 127.93, 127.87, 127.8, 125.0 (d, J 4.3 Hz), 120.3 (d, J 5.0 Hz, J 8.0 Hz), 100.8, 76.1, 74.9,
73.6, 73.4, 72.8, 71.8, 69.5, 56.5, 42.1 (d, J 1.8 Hz), 40.2. 31P NMR (CDCl3, 162 MHz): -1.01. HRMS calcd
for C41H44PNO8+H+ (M+H)+: 710.2883, found: 710.2889.

3.12. General Procedure the Synthesis of 1a, 1b, 2–6, 7a–7l, and 8

A solution of crude in EtOAc/isopropanol (1:3) was stirred with Pd(OH)2/C (10% wt., 1 mg per
4 mg of crude) under hydrogen atmosphere at room temperature for 12 h. All the hydrogenation
reactions were carried out in an EtOAc-isopropanol mixture (1:3, 4 mL). After the completion of the
reaction (as indicated by TLC), the reaction mixture was filtered through a Celite bed and washed
with methanol. The filtrate was concentrated under reduced pressure and purified through the flash
column (DCM:MeOH) to get the desired compounds as white amorphous solids or colorless oils.

3.12.1. Methyl 3-Deoxy-3-C-Hydroxymethyl-β-d-Gulopyranoside 1a

Compound 1a (TLC, DCM/MeOH, 5:1, Rf 0.41) was prepared according to the general procedure
3.12 from the alcohol 14a (63 mg, 0.13 mmol). Obtained as a white amorphous solid in 51% yield
(14 mg, 0.07 mmol) from flash column chromatography (DCM:MeOH 12:1–5:1). [α]25

D −50.7 (c 0.6,
CH3OH). 1H NMR (CD3OD, 400 MHz): 4.39 (d, 1H, J 7.6 Hz, H-1), 3.96 (dd, 1H, J3,4 4.0 Hz, J4,5 2.0 Hz,
H-4), 3.92 (dd, 1H, J 11.2 Hz, J 5.6 Hz, CH2OH), 3.86 (dd, 1H, J1,2 7.6 Hz, J2,3 6.0 Hz H-2), 3.84–3.74
(m, 3H, H-5, H-6a, H-6b), 3.67 (dd, 1H, J 11.2 Hz, J 8.4 Hz, CH2OH), 3.51 (s, 3H, OCH3), 2.32–2.26 (m,
1H, H-3). 13C NMR (CD3OD, 125 MHz): 104.0, 76.1, 69.0, 68.3, 63.1, 59.6, 56.8, 49.0. HRMS calcd for
C8H16O6-H+ (M-H)+: 207.0869, found: 207.0865.

3.12.2. Methyl 3-Deoxy-3-C-Hydroxymethyl-β-d-Galactopyranoside 1b

Compound 1b (TLC, DCM/MeOH, 5:1, Rf 0.40) was prepared according to the general procedure
3.12 from the alcohol 14b (46 mg, 0.10 mmol). Obtained as a white amorphous solid in 63% yield
(12.6 mg, 0.06 mmol) from flash column chromatography (DCM:MeOH 12:1–6:1). [α]25

D −32.1 (c 0.5,
CH3OH). 1H NMR (CD3OD, 500 MHz): 4.16 (d, 1H, J 7.6 Hz, H-1), 3.97 (d, 1H, J3,4 2.4 Hz, H-4), 3.90
(dd, 1H, J 10.4 Hz, J 4.4 Hz, CH2OH), 3.78 (dd, 1H, J 10.8 Hz, J 8.4 Hz, H-2), 3.72 (dd, 1H, J 5.6 Hz,
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H-6a, H-6b), 3.55–3.51 (m, 4H, H-5, OCH3), 3.44 (dd, 1H, J 10.8 Hz, J 7.6 Hz, CH2OH), 1.73–1.66 (m,
1H, H-3). 13C NMR (CD3OD, 125 MHz): 107.6, 79.8, 68.8, 67.1, 62.7, 61.2, 57.1, 49.0. HRMS calcd for
C8H16O6+Na+ (M+Na)+: 231.0845, found: 231.0840.

3.12.3. Methyl 3-Deoxy-3-C-(3-Trifluoromethylphenoxymethyl)-β-d-Galactopyranoside 2

Compound 2 (TLC, DCM/MeOH, 10:1, Rf 0.5) was prepared according to the general procedure
3.12 from the ether 15 (53 mg, 0.09 mmol). Obtained as a colorless oil in 75% yield (22.5 mg, 0.06 mmol)
from flash column chromatography (DCM:MeOH 20:1–12:1). [α]25

D −12.8 (c 0.7, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.46 (t, 1H, J 8.0 Hz, ArH), 7.23–7.21 (m, 3H, ArH), 4.50 (d, 1H, J 7.2 Hz, H-1), 4.35
(dd, 1H, J 4.8 Hz, J 10.0 Hz, CH2OH), 4.22 (t, 1H, J 8.8 Hz, CH2OH), 4.08 (bs, 1H, H-4), 3.97–3.94 (m,
2H, H-2, H-5), 3.78 (d, 2H, J 6.0 Hz, H-6a, H-6b), 3.54 (s, 3H, OCH3), 2.64–2.58 (m, 1H, H-3). 13C NMR
(CD3OD, 100 MHz): 160.6, 132.8 (q*, J 32 Hz), 131.4, 125.5 (q*, J 270 Hz), 119.3, 118.3 (br q, J 3.7 Hz),
112.4 (br q, J 3.8 Hz), 104.1, 76.1, 68.2, 68.1, 65.9, 62.9, 56.8, 46.1. 19F NMR (CD3OD, 376 MHz): −64.2.
HRMS calcd for C15H20F3O6+H+ (M+H)+: 353.1212, found: 353.1208.

*Only two peaks from the q are observed: See Supplementary information page S43)

3.12.4. Methyl 3-Deoxy-3-C-Methoxymethyl-β-d-Galactopyranoside 3

Compound 3 (TLC, DCM/MeOH, 10:1, Rf 0.5) was prepared according to the general procedure
3.12 from 16 (36 mg, 0.07 mmol). Obtained as a colorless oil in 64% yield (10.4 mg, 0.05 mmol). [α]25

D
−33.4 (c 0.5, CH3OH) from flash column chromatography (DCM:MeOH 15:1–9:1). 1H NMR (CD3OD,
400 MHz): 4.41 (d, 1H, J 7.6 Hz, H-1), 3.93 (dd, 1H, J4,5 3.2 Hz, J3,4 2.0 Hz, H-4), 3.88–3.82 (m, 2H, H-2,
H-5), 3.73 (d, 2H, J 6.0 Hz, H-6a, H-6b), 3.65 (dd, 1H, J 10.0 Hz, J 4.8 Hz, CH2OCH3), 3.57 (dd, 1H, J
10.0 Hz, J 4.8 Hz, CH2OCH3), 3.50 (s, 3H, OCH3), 3.33 (s, 3H, OCH3), 2.38–2.34 (m, 1H, H-3). 13C NMR
(CD3OD, 100 MHz): 104.1, 76.3, 70.2, 68.7, 68.5, 63.1, 59.1, 56.8, 46.6. HRMS calcd for C9H18O6+Na+

(M+Na)+: 245.1001, found: 245.1004.

3.12.5. Methyl 3-Deoxy-3-C-[4-(3-Fluorophenyl)-1H-1,2,3-Triazol-1-Ylmethyl]-β-d-Galactopyranoside 4

Compound 4 (TLC, DCM/MeOH, 10:1, Rf 0.43) was prepared according to the general procedure
3.12 from triazole 18 (55 mg, 0.09 mmol). Obtained as a colorless oil in 78% yield (24.3 mg, 0.07 mmol)
from flash column chromatography (DCM:MeOH 20:1–9:1). [α]25

D −20.5 (c 0.7, CH3OH). 1H NMR
(CD3OD, 400 MHz): 8.40 (s, 1H, ArH), 7.65–7.05 (m, 4H, ArH), 4.80 (dd, 1H, J 14.4 Hz, J 6.0 Hz,
CH2N3C8H5F), 4.63 (dd, 1H, J 14.4 Hz, J 9.2 Hz, CH2OH), 4.48 (d, 1H, J 6.4 Hz, H-1), 4.02–3.99 (m, 1H,
H-5), 3.82–3.78 (m, 4H, H-2, H-4, H-6a, H-6b), 3.53 (s, 3H, OCH3), 2.72–2.66 (m, 1H, H-3). 13C NMR
(CD3OD, 100 MHz): 164.3 (d, J 243 Hz), 147.7 (d, J 3.1 Hz), 134.0 (d, J 8.3 Hz), 131.8 (d, J 8.4 Hz), 123.4,
122.4 (d, J 2.5 Hz), 115.9 (d, J 21 Hz), 113.2 (d, J 23 Hz), 103.6, 75.8, 68.0, 67.4, 62.8, 56.8, 48.2, 46.8. HRMS
calcd for C16H20FN3O5+H+ (M+H)+: 354.1465, found: 354.1462.

3.12.6. Methyl 3-Deoxy-3-C-(3-Fluorophenylureido)Methyl-β-d-Galactopyranoside 5

Compound 5 (TLC, DCM/MeOH, 10:1, Rf 0.44) was prepared according to the general procedure
3.12 from 20 (50 mg, 0.0814 mmol). Obtained as a colorless oil in 41% yield (11.5 mg, 0.03 mmol) from
flash column chromatography (DCM:MeOH 12:1–5:1). [α]25

D −17.3 (c 0.6, CH3OH). 1H NMR (CD3OD,
400 MHz): 7.34 (dt, 1H, J 12.0 Hz, J 2.0 Hz, ArH), 7.24–6.64 (m, 3H, ArH), 4.44 (d, 1H, J 7.2 Hz, H-1),
3.90–3.83 (m, 3H, H-2, H-4, H-5), 4.22 (t, 1H, J 8.8 Hz, CH2OH), 4.08 (bs, 1H, H-4), 3.97–3.94 (m, 2H, H-2,
H-5), 3.78–3.76 (d, 2H, H-6a, H-6b), 3.52 (s, 3H, OCH3), 3.47 (dd, 1H, J 14.4 Hz, J 6.4 Hz, CH2NHCONH),
3.41 (dd, 1H, J 14.4 Hz, J 7.6 Hz, CH2NHCONH), 2.27–2.21 (m, 1H, H-3). 13C NMR (CD3OD, 100 MHz):
164.5 (d, J 240 Hz), 158.0, 143.0 (d, J 11 Hz), 131.0 (d, J 9.8 Hz), 115.2 (d, J 3.2 Hz), 109.4 (d, J 22 Hz), 106.7
(d, J 22 Hz), 103.8, 76.1, 69.2, 69.0, 63.0, 56.9, 46.8, 38.0. HRMS calcd for C15H21FN2O6+H+ (M+H)+:
354.1462, found: 345.1459.
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3.12.7. Methyl 3-Deoxy-3-C-(Phenylsufonamido)Methyl-β-d-Galactopyranoside 6

Compound 6 (TLC, DCM/MeOH, 10:1, Rf 0.45) was prepared according to the general procedure
3.12 from amide 21 (39 mg, 0.06 mmol). Obtained as a colorless oil in 53% yield (11.6 mg, 0.03 mmol)
from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −21.4 (c 0.6, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.88–7.56 (m, 5H, ArH), 4.26 (d, 1H, J 7.2 Hz, H-1), 3.93 (d, 1H, J 3.6 Hz, H-4),
3.80 (dd, 1H, J1,2 7.2 Hz, J2,3 6.0 Hz, H-2), 3.76–3.70 (m, 3H, H-5, H-6a, H-6b), 3.20 (dd, 1H, J 5.2 Hz,
J 11.2 Hz, CH2NH), 3.20 (dd, 1H, J 11.2 Hz, J 10.0 Hz, CH2NH), 2.26–2.21 (m, 1H, H-3). 13C NMR
(CD3OD, 100 MHz): 141.7, 133.7, 130.3, 128.0, 103.5, 75.7, 68.4, 67.9, 63.2, 56.8, 46.3, 40.6. HRMS calcd
for C14H21NO7S+H+ (M+H)+: 348.1117, found: 348.1115.

3.12.8. Methyl 3-Deoxy-3-C-Benzamidomethyl-β-d-Gulopyranoside 7a

Compound 7a (TLC, DCM/MeOH, 10:1, Rf 0.41) was prepared according to the general procedure
3.12 from the amide 22a (35 mg, 0.05 mmol). Obtained as a colorless oil in 59% yield (11 mg, 0.04 mmol)
from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −6.5 (c 0.6, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.82–7.80 (m, 2H, ArH), 7.56–7.52 (m, 1H, ArH), 7.49–7.44 (m, 2H, ArH), 4.48 (d,
1H, J1,2 6.8 Hz, H-1), 3.95 (td, 1H, J 6.0 Hz, J 2.4 Hz, H-5), 3.89–3.86 (m, 2H, H-2, H-4), 3.79 (d, 1H, J6a,6b

12.4 Hz, J5,6a 5.6 Hz, H-6a), 3.75 (dd, 1H, J6a,6b 12.4 Hz, J5,6b 5.6 Hz, H-6b), 3.68 (dd, 1H, J 14.0 Hz, J
6.4 Hz, CH2NH), 3.61 (dd, 1H, J 11.2 Hz, J 6.4 Hz, CH2NH), 3.54 (s, 3H, OCH3), 2.42–2.35 (m, 1H, H-3).
13C NMR (CD3OD, 100 MHz): 170.5, 135.6, 132.7, 129.6, 128.2, 103.7, 76.0, 69.0, 68.7, 63.1, 56.8, 46.4,
37.8. HRMS calcd for C14H19NO6+H+ (M+H)+: 289.1291, found: 298.1289.

3.12.9. Methyl 3-Deoxy-3-C-Acetamidomethyl-β-d-Gulopyranoside 7b

Compound 7b (TLC, DCM/MeOH, 10:1, Rf 0.42) was prepared according to the general procedure
3.12 from the amide 22b (27 mg, 0.05 mmol). Obtained as a colorless oil in 75% yield (9.7 mg, 0.04 mmol)
from flash column chromatography (DCM:MeOH 15:1–7:1). [α]25

D −1.5 (c 0.6, CH3OH). 1H NMR
(CD3OD, 400 MHz): 4.40 (d, 1H, J1,2 6.8 Hz, H-1), 3.88–3.84 (m, 1H, H-5), 3.82–371 (m, 4H, H-2, H-4,
H-6a, H-6b), 3.51 (s, 3H, OCH3), 3.44 (dd, 1H, J 14.0 Hz, J 6.0 Hz, CH2NH), 3.38 (dd, 1H, J 14.0 Hz, J
8.8 Hz, CH2NH), 2.24–2.18 (m, 1H, H-3), 1.95 (s, 3H, NHCOCH3). 13C NMR (CD3OD, 100 MHz): 173.6,
103.6, 75.9, 68.7, 68.5, 63.1, 56.8, 46.3, 37.1, 22.6. HRMS calcd for C10H19NO6+H+ (M+H)+: 250.1291,
found: 250.1291.

3.12.10. Methyl 3-Deoxy-3-C-(2-Fluorobenzamidomethyl)-β-d-Galactopyranoside 7c

Compound 7c (TLC, DCM/MeOH, 10:1, Rf 0.4) was prepared according to the general procedure
3.12 from the amide 22c (33 mg, 0.06 mmol). Obtained as a colorless oil in 69% yield (12.5 mg,
0.04 mmol) from flash column chromatography (DCM:MeOH 20:1–9:1). [α]25

D −9.3 (c 0.5, CH3OH).
1H NMR (CD3OD, 400 MHz): 7.76 (td, 1H, J 7.6 Hz, J 2.0 Hz, ArH), 7.56–7.50 (m, 1H, ArH), 7.28 (td,
1H, J 7.6 Hz, J 0.8 Hz, ArH), 7.20 (ddd, 1H, J 11.2 Hz, J 8.4 Hz, J 0.8 Hz, ArH), 4.48 (d, 1H, J1,2 7.2 Hz,
H-1), 3.93–3.86 (m, 3H, H-2, H-4, H-5), 3.77 (d, 2H, J5,6a, J5,6b 5.6 Hz, H-6a, H-6b), 3.66 (d, 2H, J 7.2
CH2NH), 3.53 (s, 3H, OCH3), 2.42–2.34 (m, 1H, H-3). 13C NMR (CD3OD, 100 MHz): 166.7, 161.4 (d, J
248 Hz), 134.2 (d, J 8.8 Hz), 131.6 (d, J 2.3 Hz), 125.7 (d, J 3.4 Hz), 123.9 (d, J 14 Hz), 131.6 (d, J 23 Hz),
103.7, 76.0, 69.0, 68.8, 63.1, 56.9, 46.1, 38.1. 19F NMR (CD3OD, 376 MHz): −116.0. HRMS calcd for
C15H20FNO6+H+ (M+H)+: 330.1353, found: 330.1352.

3.12.11. Methyl 3-Deoxy-3-C-(3-Fluorobenzamidomethyl)-β-d-Galactopyranoside 7d

Compound 7d (TLC, DCM/MeOH, 10:1, Rf 0.45) was prepared according to the general procedure
3.12 from the amide 22d (35 mg, 0.06 mmol). Obtained as a colorless oil in 59% yield (11.3 mg,
0.03 mmol) from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −14.6 (c 0.6, CH3OH).
1H NMR (CD3OD, 400 MHz): 7.65–7.26 (m, 4H, ArH), 4.47 (d, 1H, J 7.2 Hz, H-1), 3.94 (td, 1H, J 6.0 Hz,
J 2.0 Hz, H-5), 3.88–3.85 (m, 2H, H-2, H-4), 3.77 (d, 2H, J 5.6 Hz, H-6a, H-6b), 3.67 (dd, 1H, J 14.0 Hz, J
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6.4 Hz, CH2OH), 3.67 (dd, 1H, J 14.0 Hz, J 9.2 Hz, CH2OH), 3.53 (s, 3H, OCH3), 2.41–2.35 (m, 1H, H-3).
13C NMR (CD3OD, 100 MHz): 168.9 (d, J 2.7 Hz), 164.1 (d, J 244 Hz), 138.0 (d, J 6.8 Hz), 131.6 (d, J
7.9 Hz), 124.0 (d, J 2.9 Hz), 119.4 (d, J 22 Hz), 115.2 (d, J 23 Hz), 103.6, 75.9, 68.9, 68.6, 63.1, 56.8, 46.4,
37.8. HRMS calcd for C15H20FNO6+H+ (M+H)+: 330.1353, found: 330.1354.

3.12.12. Methyl 3-Deoxy-3-C-(4-Fluorobenzamidomethyl)-β-d-Galactopyranoside 7e

Compound 7e (TLC, DCM/MeOH, 10:1, Rf 0.44) was prepared according to the general procedure
3.12 from the amide 22e (40 mg, 0.07 mmol). Obtained as a colorless oil in 53% yield (11.6 mg,
0.04 mmol) from flash column chromatography (DCM:MeOH 20:1–9:1). [α]25

D −16.4 (c 0.5, CH3OH).
1H NMR (CD3OD, 400 MHz): 7.89–7.84 (m, 2H, ArH), 7.22–7.16 (m, 2H, ArH), 4.47 (d, 1H, J1,2 7.2 Hz,
H-1), 3.94 (td, 1H, J 6.0 Hz, J 3.0 Hz, H-5), 3.88–3.85 (m, 2H, H-2, H-4), 3.78 (d, 1H, J6a,6b 11.6 Hz, J5,6a

5.6 Hz, H-6a), 3.75 (d, 1H, J6a,6b 11.6 Hz, J5,6b 5.6 Hz, H-6b), 3.66 (d, 1H, J 14.0 Hz, J 6.4 Hz, CH2NH),
3.61 (d, 1H, J 14.0 Hz, J 6.4 Hz, CH2NH), 3.53 (s, 3H, OCH3), 2.40–2.34 (m, 1H, H-3). 13C NMR (CD3OD,
100 MHz): 169.3, 166.2 (d, J 249 Hz), 131.9 (d, J 3.0 Hz), 130.8 (d, J 8.9 Hz), 116.4 (d, J 22 Hz), 103.7, 75.9,
69.0, 68.6, 63.1, 56.8, 46.4, 37.8. 19F NMR (CD3OD, 376 MHz): −110.7. HRMS calcd for C15H20FNO6+H+

(M+H)+: 330.1353, found: 330.1354.

3.12.13. Methyl 3-Deoxy-3-C-(3,4,5-Trifluorobenzamidomethyl)-β-d-Galactopyranoside 7f

Compound 7f (TLC, DCM/MeOH, 10:1, Rf 0.47) was prepared according to the general procedure
3.12 from the amide 22f (31 mg, 0.05 mmol). Obtained as a colorless oil in 70% yield (12.5 mg, 0.03 mmol)
from flash column chromatography (DCM:MeOH 20:1–9:1). [α]25

D −13.5 (c 0.6, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.66–7.59 (m, 2H, ArH), 4.45 (d, 1H, J 6.8 Hz, H-1), 4.00 (td, 1H, J 6.0 Hz, J 2.0 Hz,
H-5), 3.87–3.84 (m, 2H, H-2, H-4), 3.76 (d, 2H, J 5.6 Hz, H-6a, H-6b), 3.66 (dd, 1H, J 14.0 Hz, J 6.0 Hz,
CH2NH), 3.59 (dd, 1H, J 14.0 Hz, J 9.2 Hz, CH2NH), 3.53 (s, 3H, OCH3), 2.40–2.40–2.34 (m, 1H, H-3).
13C NMR (CD3OD, 100 MHz): 166.7, 152.3 (ddd, 248.3 Hz, J 9.8 Hz, J 3.8 Hz), 143.0 (dt, J 254 Hz, J
16 Hz,), 132.2–132.0 (m), 113.1 (dd, J 17 Hz, J 6.1 Hz), 103.7, 75.9, 68.8, 68.5, 63.1, 56.8, 46.3, 38.0. 19F
NMR (CD3OD, 376 MHz): −135.7 (d, J 20 Hz). −159.1 (t, J 20 Hz). HRMS calcd for C15H18F3NO6+H+

(M+H)+: 366.1164, found: 366.1161.

3.12.14. Methyl 3-Deoxy-3-C-(2,3,4,5,6-Pentafluorobenzamidomethyl)-β-d-Galactopyranoside 7g

Compound 7g (TLC, DCM/MeOH, 10:1, Rf 0.38) was prepared according to the general procedure
3.12 from the amide 22g (30 mg, 0.04 mmol). Obtained as a colorless oil in 83% yield (14.9 mg,
0.04 mmol) from flash column chromatography (DCM:MeOH 20:1–8:1). [α]25

D −18.9 (c 0.6, CH3OH).
1H NMR (CD3OD, 400 MHz): 4.46 (d, 1H, J 6.4 Hz, H-1), 3.94–3.85 (m, 4H, H-2, H-4, H-5), 3.79 (dd,
1H, J 6.0 Hz, J 11.2 Hz, H-6a), 3.79 (dd, 1H, J 5.2 Hz, J 11.2 Hz, H-6a), 3.68 (dd, 1H, J 6.4 Hz, J 14.4 Hz,
CH2NHCO), 3.62 (dd, 1H, J 14.4 Hz, J 8.8 Hz, CH2NHCO), 3.53 (s, 3H, OCH3), 2.38–2.32 (m, 1H, H-3).
13C NMR (CD3OD, 100 MHz): 159.9, 146.4, 144.0, 140.2, 137.6, 103.6, 75.8, 68.5, 68.4, 63.2, 56.9, 46.3,
37.7. 19F NMR (CD3OD, 376 MHz): −143.8 to −143.2 (m), −155.2 to −155.3 (m), −163.7 to −163.9 (m).
HRMS calcd for C15H16F5NO6+H+ (M+H)+: 402.0976, found: 402.0974.

3.12.15. Methyl 3-Deoxy-3-C-(3-Methoxybenzamidomethyl)-β-d-Galactopyranoside 7h

Compound 7h (TLC, DCM/MeOH, 10:1, Rf 0.42) was prepared according to the general procedure
3.12 from the amide 22h (28 mg, 0.03 mmol). Obtained as a colorless oil in 66% yield (10.3 mg,
0.03 mmol) from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −9.5 (c 0.5, CH3OH).
1H NMR (CD3OD, 400 MHz): 8.47 (t, J 5.2 Hz, CONH), 7.38–7.33 (m, 3H, ArH), 7.08 (m, 1H, ArH), 4.47
(d, 1H, J 7.2 Hz, H-1), 3.94 (td, 1H, J 5.6 Hz, J 2.0 Hz, H-5), 3.88–3.85 (m, 2H, H-2, H-4), 3.84 (s, 3H,
OCH3), 3.78 (d, 2H, J 5.6 Hz, H-6a, H-6b), 3.66–3.62 (m, 2H, CH2NN), 3.53 (s, 3H, OCH3), 2.41–2.35 (m,
1H, H-3). 13C NMR (CD3OD, 100 MHz): 170.3, 161.3, 137.0, 130.7, 120.3, 118.5, 113.6, 103.7, 75.9, 70.0,
68.6, 63.1, 56.9, 55.9, 46.4, 37.8. HRMS calcd for C16H23NO7+H+ (M+H)+: 342.1553, found: 342.1555.
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3.12.16. Methyl 3-Deoxy-3-C-(p-Toluamidomethyl)-β-d-Galactopyranoside 7i

Compound 7i (TLC, DCM/MeOH, 10:1, Rf 0.48) was prepared according to the general procedure
3.12 from the amide 22i (32 mg, 0.05 mmol). Obtained as a colorless oil in 53% yield (11.9 mg, 0.04 mmol)
from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −4.8 (c 0.5, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.72–7.69 (m, 2H, ArH), 7.27 (d, 2H, J 8.0 Hz, ArH), 4.47 (d, 1H, J 7.2 Hz, H-1),
3.94 (td, 1H, J 5.6 Hz, J 2.0 Hz, H-5), 3.88–3.85 (m, 2H, H-2, H-4), 3.77 (d, 2H, J 5.6 Hz, H-6a, H-6b),
3.66–3.62 (m, 2H, CH2NN), 3.53 (s, 3H, OCH3), 2.39–2.34 (m, 1H, H-3, CH3). 13C NMR (CD3OD,
100 MHz): 170.4, 143.4, 132.7, 130.2, 128.2, 103.7, 76.0, 69.0, 68.7, 63.2, 56.9, 46.4, 37.7, 21.4. HRMS calcd
for C16H23NO6+H+ (M+H)+: 326.1604, found: 326.1603.

3.12.17. Methyl 3-Deoxy-3-C-(3,5-Dimethoxybenzamidomethyl)-β-d-Galactopyranoside 7j

Compound 7j (TLC, DCM/MeOH, 10:1, Rf 0.43) was prepared according to the general procedure
3.12 from the amide 22j (24 mg, 0.04 mmol). Obtained as a colorless oil in 62% yield (10 mg, 0.03 mmol)
from flash column chromatography (DCM:MeOH 20:1–9:1). [α]25

D −25.7 (c 0.5, CH3OH). 1H NMR
(CD3OD, 400 MHz): 6.96 (d, 1H, J 2.0 Hz, ArH), 6.63 (t, 1H, J 2.0 Hz, ArH), 4.47 (d, 1H, J1,2 7.2 Hz, H-1),
3.94 (td, 1H, J 5.6 Hz, J 2.0 Hz, H-5), 3.88–3.85 (m, 2H, H-2, H-4), 3.82 (s, 6H, 2×OCH3), 3.77 (d, 2H, J
6.0 Hz), 3.67–3.57 (m, 2H, CH2NH), 3.53 (s, 3H, OCH3), 2.40–2.34 (m, 1H, H-3). 13C NMR (CD3OD,
100 MHz): 170.2, 162.4, 137.6, 106.1, 104.5, 103.7, 75.9, 69.0, 68.6, 63.1, 56.8, 56.0, 46.4, 37.8. HRMS calcd
for C17H25NO8+H+ (M+H)+: 372.1658, found: 372.1663.

3.12.18. Methyl 3-Deoxy-3-C-(3-Trifluoromethylbenzamidomethyl)-β-d-Galactopyranoside 7k

Compound 7k (TLC, DCM/MeOH, 10:1, Rf 0.51) was prepared according to the general procedure
3.12 from the amide 22k (25 mg, 0.04 mmol). Obtained as a colorless oil in 66% yield (11.2 mg,
0.03 mmol) from flash column chromatography (DCM:MeOH 20:1–10:1). [α]25

D −3.9 (c 0.6, CH3OH).
1H NMR (CD3OD, 400 MHz): 8.13 (s, 1H, ArH), 8.08 (t, 1H, J 8.0 Hz, ArH), 7.85 (d, 1H, J 8.0 Hz, ArH),
7.68 (t, 1H, J 8.0 Hz, ArH), 4.47 (d, 1H, J1,2 7.2 Hz, H-1), 3.95 (td, 1H, J 6.0 Hz, J 2.0 Hz, H-5), 3.89–3.86
(m, 2H, H-2, H-4), 3.79 (dd, 1H, J6a,6b 12.0 Hz, J5,6a 6.0 Hz, H-6a), 3.76 (dd, 1H, J6a,6b 12.0 Hz, J5,6b

6.0 Hz, H-6b), 3.69 (dd, 1H, J 13.6 Hz, J 5.6 Hz, CH2NH), 3.63 (dd, 1H, J 13.6 Hz, J 9.2 Hz, CH2NH), 3.54
(s, 3H, OCH3), 2.43–2.37 (m, 1H, H-3). 13C NMR (CD3OD, 125 MHz): 168.7, 136.7, 132.0 (q, J 32 Hz),
131.9, 130.6, 129.2 (q J 3.6 Hz), 125.4 (q, J 270 Hz), 125.1 (q, J 4.0 Hz), 103.7, 75.9, 68.9, 68.6, 63.1, 56.9,
46.5, 37.8. 19F NMR (CD3OD, 376 MHz): −64.2. HRMS calcd for C16H20F3NO6+H+ (M+H)+: 380.1321,
found: 380.1321.

3.12.19. Methyl 3-Deoxy-3-C-(4-Phenylbenzamidomethyl)-β-d-Galactopyranoside 7l

Compound 7l (TLC, DCM/MeOH, 10:1, Rf 0.54) was prepared according to the general procedure
3.12 from the amide 22l (39 mg, 0.06 mmol). Obtained as a colorless oil in 67% yield (15.4 mg, 0.04 mmol)
from flash column chromatography (DCM:MeOH 20:1–12:1). [α]25

D −21.4 (c 0.7, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.70 (dd, 2H, J 6.8 Hz, J 2.0 Hz, ArH), 7.71 (dd, 2H, J 6.8 Hz, J 2.0 Hz, ArH), 7.65
(m, 2H, ArH), 7.48–7.44 (m, 2H, ArH), 7.40–7.35 (m, 1H, ArH), 4.49 (d, 1H, J1,2 7.2 Hz, H-1), 3.96 (td, 1H,
J 6.0 Hz, J 2.4 Hz, H-5), 3.82–3.75 (m, 2H, H-6a, H-6b), 3.73–3.62 (m, 2H, CH2NH), 3.54 (s, 3H, OCH3),
2.44–2.38 (m, 1H, H-3). 13C NMR (CD3OD, 100 MHz): 170.1, 145.7, 141.2, 134.2, 130.0, 129.1, 128.8,
128.11, 128.07, 103.7, 76.0, 69.0, 68.7, 63.2, 56.9, 46.4, 37.8. HRMS calcd for C21H25NO6+H+ (M+H)+:
388.1760, found: 388.1761.

3.12.20. Methyl 3-Deoxy-3-C-(Diphenylphosphonamidomethyl)-β-d-Galactopyranoside 8

Compound 8 (TLC, DCM/MeOH, 10:1, Rf 0.45) was prepared according to the general procedure
3.12 from the amide 23 (43 mg, 0.06 mmol). Obtained as a colorless oil in 50% yield (13.3 mg, 0.03 mmol)
from flash column chromatography (DCM:MeOH 15:1–9:1). [α]25

D −18.6 (c 0.7, CH3OH). 1H NMR
(CD3OD, 400 MHz): 7.40 (t, 4H, J 8.0 Hz, ArH), 7.29–7.21 (m, 6H, ArH), 4.36 (d, 1H, J 7.2 Hz, H-1), 3.90
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(dd, 1H, J 4.0 Hz, J 2.0 Hz, H-4), 3.83 (dd, 1H, J 7.2 Hz, J 5.6 Hz, H-2), 3.79–3.76 (m, 1H, H-5), 3.71 (dd,
1H, J5,6a 10.4 Hz, J6a,6b 4.4 Hz, H-6a), 3.71 (dd, 1H, J5,6b 10.8 Hz, J6a,6b 4.4 Hz, H-6b), 3.51 (s, 3H, OCH3),
3.50–3.44 (m, 1H, CH2NH), 3.17–3.08 (m, 1H, CH2NH), 2.28–2.22 (m, 1H, H-3). 13C NMR (CD3OD,
100 MHz): 152.2 (dd, J 6.2 Hz, J 2.7 Hz), 130.9, 126.3 (d, J 3.1 Hz), 121.4 (dd, J 4.6 Hz, J 11.1 Hz), 103.6,
75.7, 68.7, 68.1, 63.2, 56.8, 47.4 (d, 5.7 Hz), 39.2. 31P NMR (CD3OD, 162 MHz): −1.0. HRMS calcd for
C20H26PNO8+H+ (M+H)+: 440.1474, found: 440.1470.

3.13. Methyl 2,3-Di-O-Acetyl-β-d-Gulopyranoside 25

Compound 24 (300 mg, 0.82 mmol) was dissolved in 80% aqueous AcOH (5 mL) and the solution
was stirred at 80 ◦C for 2 h. When the TLC (TLC, heptane/EtOAc, 1:2, Rf 0.39) showed complete
consumption of the starting material, the solvents were evaporated under reduced pressure and
co-evaporated twice with toluene (10 mL). Then, the crude was purified via flash chromatography
(Heptane/EtOAc, 3:1–1:2) to obtain pure compound 25 (191 mg, 0.69 mmol, 84%) as a white foam. [α]25

D
−30.4 (c 0.8, CHCl3). 1H NMR (CDCl3, 400 MHz): 5.35 (t, 1H, J2,3 3.6 Hz, H-3), 5.10 (dd, 1H, J1,2 8.0 Hz,
J2,3 3.6 Hz, H-2), 4.68 (d, 1H, J 8.0 Hz, H-1), 3.93–3.89 (m, 4H, H4, H-5, H-6a, H-6b), 3.52 (s, 3H, OCH3),
2.11 (s, 3H, COCH3), 2.03 (s, 3H, COCH3). 13C NMR (CDCl3, 100 MHz): 170.0, 169.9, 99.9, 73.3, 70.6,
69.0, 68.4, 62.8, 56.9, 20.98, 20.95. HRMS calcd for C11H18O8+Na+ (M+Na)+: 301.0899, found: 301.0898.

3.14. Methyl β-d-Gulopyranoside 9

Compound 25 (120 mg, 0.43 mmol) was dissolved in MeOH (3 mL). NaOMe (1.0 mL, 0.5 M in
MeOH) was added and the solution was stirred at room temperature for 2 h (TLC, DCM/MeOH,
5:1, Rf 0.3). The solution was neutralized with DOWEX 50 W H+ resin, filtered and the solvents
were evaporated under reduced pressure and the crude was purified via flash chromatography
(DCM/MeOH, 7:1–3:1) to obtain pure compound 9 (46 mg, 0.23 mmol, 55%) as a colorless oil. [α]25

D
−19.2 (c 0.9, CH3OH). 1H NMR (D2O, 400 MHz): 4.60 (d, 1H, J1,2 8.4 Hz, H-1), 4.05 (t, 1H, J3,4 3.6 Hz,
H-4), 4.00–3.96 (m, 1H, H-5), 3.80 (dd, 1H, J3,4 3.6 Hz, J4,5 1.2 Hz, H-4), 3.75 (dd, 1H, J6a,6b 12.0 Hz, J5,6a

6.4 Hz, H-6a), 3.76 (dd, 1H, J6a,6b 12.0 Hz, J5,6a 4.8 Hz, H-6b), 3.76 (dd, 1H, J1,2 8.4 Hz, J2,3 3.6 Hz, H-2),
3.56 (s, 3H, OCH3). 13C NMR (D2O, 100 MHz): 101.5, 73.8, 71.1, 69.3, 68.0, 61.0, 56.9. HRMS calcd for
C7H14O6+Na+ (M+Na)+: 217.0688, found: 217.0687.

3.15. Methyl 3-Azido-2,4,6-Tri-O-Benzoyl-3-Deoxy-β-d-Gulopyranoside 29

Triflic anhydride (235 µL, 1.4 mmol) was added dropwise to a stirred solution of 26 (400 mg,
1.4 mmol) in DCM (10 mL) and pyridine (451 µL, 5.6 mmol) at −30 ◦C and under N2 atmosphere after
which the reaction was allowed to reach rt under 2 h. BzCl (179 µL, 1.54 mmol) was added and the
reaction was stirred for another 2 h before the reaction was diluted with DCM (25 mL) and washed
with saturated NaHCO3 (2 × 25 mL). The combined aqueous phases were extracted with DCM (40 mL).
The pooled organic phases were dried over MgSO4 and concentrated to give crude 27. Sodium azide
(637 mg, 9.8 mmol) was added to the crude 27 (≤1.4 mmol) in DMF (15 mL) and the reaction was stirred
overnight at 70 ◦C under N2 atmosphere. The reaction was concentrated to give crude 28, which was
dissolved in 90% AcOH (20 mL) and heated at 80 ◦C for 3 h. The solvent was evaporated in vacuo and
co-evaporated with toluene to remove the residual AcOH. The residue was dissolved in pyridine (15
mL), into the solution catalytic amount of DMAP and benzoyl chloride (488 µL, 4.2 mmol) was added
subsequently. The solution was stirred at room temperature for 4 h when TLC (heptane/EtOAc, 4:1,
Rf 0.48) showed complete conversion of the starting material to a faster moving spot. The solvents
were evaporated in vacuo and co-evaporated with toluene to remove residual pyridine. The solid
residue thus obtained was dissolved in EtOAc (50 mL) and washed with 1 N HCl (50 mL), followed by
saturated NaHCO3 and brine (50 mL). The organic layer was collected, dried (Na2SO4), filtered and
evaporated in vacuo. The crude was purified by flash chromatography using heptane/EtOAc (6:1 to
5:2) as the eluent to afford pure compound 29 (324 mg, 0.61 mmol, 43% over four steps) as a white
amorphous mass. [α]25

D −45.3 (c 0.7, CHCl3). 1H NMR (CDCl3, 400 MHz): 8.14–7.39 (m, 15H, ArH),
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5.51 (dd, 1H, J1,2 7.6 Hz, J2,3 4.0 Hz, H-2), 5.41 (dd, 1H, J3,4 4.0 Hz, J3,4 0.8 Hz, H-4), 5.00 (d, 1H, J 7.6 Hz,
H-1), 4.66–4.61 (m, 1H, H-5), 4.52–4.45 (m, 3H, H-3, H-6a, H-6b), 3.58 (s, 3H, OCH3). 13C NMR (CDCl3,
100 MHz): 166.0, 165.3, 165.2, 133.8, 133.6, 133.2, 130.02, 129.98, 129.7, 129.5, 129.0, 128.7, 128.6, 128.5,
128.4, 99.6, 70.3, 70.1, 69.5, 62.4, 60.1, 57.0. HRMS calcd for C28H25N3O8+NH4

+ (M+NH4)+: 549.1985,
found: 549.1989.

3.16. Methyl 3-Amino-2,4,6-Tri-O-Benzoyl-3-Deoxy-β-d-Gulopyranoside 30

A solution of 29 (201 mg, 0.3784 mmol) in MeOH (7 mL) was stirred with Pd(OH)2/C (10% wt.,
1 mg per 5 mg of crude, 40 mg) under hydrogen atmosphere at room temperature for 2 h. After the
completion of the reaction (as indicated by TLC, heptane/EtOAc, 1:1, Rf 0.26), the reaction mixture was
filtered through a Celite bed and washed with methanol. The filtrate was concentrated under reduced
pressure and purified through flash column (heptane/EtOAc, 4:1–1:1) to get the desired compound
as a white amorphous solid. Yield: 126 mg (0.2494 mmol, 66%). [α]25

D −39.9 (c 0.8, CHCl3). 1H NMR
(CDCl3, 400 MHz): 8.13–7.38 (m, 15H, ArH), 5.38 (dd, 1H, J1,2 7.2 Hz, J2,3 4.0 Hz, H-2), 5.29 (dd, 1H, J3,4

4.4 Hz, J4,5 2.4 Hz, H-4), 5.11 (d, 1H, J 7.2 Hz, H-1), 4.83–4.79 (m, 1H, H-5), 4.64 (dd, 1H, dd, 1H, J6a,6b

11.2 Hz, J5,6a 6.8 Hz, H-6a), 4.51 (dd, 1H, dd, 1H, J6a,6b 11.2 Hz, J5,6b 6.0 Hz, H-6b), 3.90 (t, 1H, J3,4, J2,3

4.0 Hz, H-3), 3.57 (s, 3H, OCH3), 1.97 (bs, 1H, NH2). 13C NMR (CDCl3, 100 MHz): 166.3, 165.9, 165.3,
133.7, 133.5, 133.2, 130.1, 129.9, 129.8, 128.69, 128.67, 128.5, 99.3, 72.1, 71.7, 70.2, 63.3, 57.1, 50.6. HRMS
calcd for C28H27NO8+H+ (M+H)+: 506.1815, found: 506.1817.

3.17. Methyl 3-Benzamido-2,4,6-Tri-O-Benzoyl-3-Deoxy-β-d-Gulopyranoside 31

Compound 30 was dissolved in pyridine (3 mL), into the solution catalytic amount of DMAP and
benzoyl chloride (29 µL, 0.2464 mmol) was added subsequently. The solution was stirred at room
temperature for 3 h when TLC (heptane/EtOAc, 1:1, Rf 4.8) showed complete conversion of the starting
material to a faster moving spot. The solvents were evaporated in vacuo and co-evaporated with
toluene to remove residual pyridine. The solid residue thus obtained was dissolved in EtOAc (7 mL)
and washed with 1 (N) HCl (5 mL), followed by saturated NaHCO3 and brine (5 mL). The organic layer
was collected, dried over Na2SO4, filtered and evaporated in vacuo. The crude was purified by flash
chromatography using heptane/EtOAc (7:1 to 3:1) as the eluent to afford pure compound 31 (77 mg,
0.1265 mmol, 77%) as a white amorphous solid. [α]25

D −48.8 (c 0.6, CHCl3). 1H NMR (CDCl3, 400 MHz):
8.11–7.29 (m, 20H, ArH), 6.60 (d, 1H, J3,NHCOPh 8.4 Hz, NHCOPh), 5.96 (dd, 1H, J 10.8 Hz, J 6.0 Hz,
H-4), 5.55 (t, 1H, J 2.8 Hz, H-2), 5.34–5.29 (m, 1H, H-3), 4.99 (d, 1H, J1,2 2.8 Hz, H-1), 4.92 (dd, 1H, J6a,6b

11.6 Hz, J5,6a 5.6 Hz, H-6a), 4.86 (dd, 1H, J6a,6b 11.6 Hz, J5,6b 6.4 Hz, H-6a), 4.77 (dd, 1H, J6a,6b 12.4 Hz,
J4,5 6.0 Hz, H-5), 3.61 (s, 3H, OCH3). 13C NMR (CDCl3, 100 MHz): 167.4, 166.8, 166.2, 165.5, 133.9, 133.8,
133.7, 133.0, 131.7, 130.0, 129.9, 129.7, 129.6, 129.1, 128.7, 128.59, 128.57, 128.3, 127.0, 99.5, 72.4, 71.8, 68.4,
64.5, 60.4, 56.8, 46.3. HRMS calcd for C35H31NO9+H+ (M+H)+: 610.2077, found: 610.2081.

3.18. Methyl 3-Benzamido-3-Deoxy-β-d-Gulopyranoside 10

Compound 31 (54 mg, 0.0886 mmol) was dissolved in MeOH (2 mL). NaOMe (0.5 mL, 0.5 M in
MeOH) was added and the solution was stirred at room temperature for 12 h (TLC, DCM/MeOH,
10:1, Rf 0.4). The solution was neutralized with DOWEX 50 W H+ resin, filtered and the solvents
were evaporated under reduced pressure and the residue was purified by a short flash column using
DCM–MeOH (9:1) to afford the compound 10 (19.2 mg, 0.0646 mmol, 73%). [α]25

D −18.3 (c 0.6, CH3OH).
1H NMR (CD3OD, 400 MHz): 7.83 (d, 2H, J 7.6 Hz, ArH), 7.57–7.44 (m, 3H, ArH), 4.70 (d, 1H, J1,2

8.4 Hz, H-1), 4.48–4.44 (m, 1H, H-3), 4.01 (dd, 1H, J3,4 3.6 Hz, J4,5 1.2 Hz, H-4), 3.94 (dd, 1H, J1,2 7.6 Hz,
J2,3 5.2 Hz, H-2), 3.84 (td, 1H, J5,6a, J5,6a 6.0 Hz, J4,5 1.6 Hz, H-5), 3.77 (dd, 1H, J6a,6b 11.2 Hz, J5,6a

6.0 Hz, H-6a), 3.74 (dd, 1H, J6a,6b 11.2 Hz, J5,6a 6.0 Hz, H-6b), 3.57 (s, 3H, OCH3). 13C NMR (CD3OD,
100 MHz): 171.4, 164.6, 135.9, 132.7, 129.5, 128.6, 103.4, 75.7, 68.8, 67.8, 62.6, 56.9, 56.0. HRMS calcd for
C14H19NO6+H+ (M+H)+: 298.1291, found: 298.1289.
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3.19. Expression Constructs, Expression, and Purification of Recombinant Galectins

Human galectin-1 [25], galectin-2 [26], galectin-3 [27], galectin-4N [19], galectin-4C [19],
galectin-8N [28], galectin-8C [28], galectin-9N [29], and galectin-9C [30], were expressed and purified
as described earlier. Human galectin-7 was expressed using a pET3c plasmid in E. coli BL21-star. The
plasmid containing expression optimized DNA encoding the full human galectin-7 sequence (NCBI
Reference Sequence: NP_002298.1) was obtained from GenScript (Piscataway, NJ, USA). Bacterial
culture and induction, and galectin purification was essential as described for galectin-3 expressed with
the same vector [27]; a typical yield was 1.5–2 mg/L culture. Lactose was removed by chromatography
on a PD-10 column (Amersham Biosciences) with repeated ultrafiltration with Centriprep (Amicon).

3.20. Fluorescence Polarization Assay

Fluorescence polarization experiments were carried out either with a POLARStar plate reader and
FLUOstar Galaxy software or with a PheraStarFS plate reader and PHERAstar Mars version 2.10 R3
software (BMG, Offenburg, Germany). The dissociation constant (Kd) values were determined in PBS as
described earlier [18,19]. Specific conditions for galectin-1, 2, 3, 4N, 4C, 8N, 8C, 9N, and 9C were kept as
reported [29]. Experiments were performed at room temperature with human galectin-7 at 5 µM and
the fluorescent probe β-d-galactopyranosyl-(1–4)-2-acetamido-2-deoxy-β-d-glucopyranosyl-(1–3)-β-d-
galactopyranosyl-(1–4)-(N1-fluorescein-5-yl-carbonylaminomethylcarbonyl)-β-d-glucopyranosylamine [29]
at 0.02 µM. All the compounds in Table 1 except 32 were dissolved in a neat DMSO at 100 mM and diluted
in PBS to three to six different concentrations to be tested in duplicate. Average Kd values and SEMs were
calculated from 2–8 single-triple point measurements showing between 30%–70% inhibition.

4. Conclusions

In summary, we report the synthesis and discovery of 3-C-methyl-guloside derivatives as highly
selective galectin-1 inhibitors with 3-C-benzamidomethyl-3-deoxy-gulosides being the most selective
structural class. The reason for the exceptional galectin-1-selectivites discovered remains to be
elucidated as molecular modelling failed to provide insight into this and experimental structural
studies by X-ray diffraction or nmr spectroscopy are likely necessary. Although the galectin-1 affinities
are in the high-µM to low mM range, they are significantly higher affinity than that of simple
galactosides, such as methyl β-d-galactopyranoside, and thus points towards a novel structural
class and synthetic route towards the discovery of galectin-1 inhibitors with high selectivity. This is
important in light of the roles of galectin-1 in tumor progression and immune regulation [31,32].

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/15/
3786/s1.
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Abbreviations

Ac Acetyl
Bn Benzyl
DCM Dichloromethane
THF Tetrahydrofuran
DMF Dimethylformamide
DIPEA Diisopropylethylamine
AcOH AcOH
EtOAc EtOAc
TLC Thin layer chromatography
HPLC High-performance liquid chromatography
HRMS High resolution mass spectrometry
DMSO Dimethylsulfoxide
µM Micromolar
mM Milimolar
9-BBN 9-Borabicyclo[3.3.1]nonane
DMAP 4-Dimethylaminopyridine
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Abstract: In this study, we characterize the interactions between the extracellular matrix protein,
procollagen C-proteinase enhancer-1 (PCPE-1), and glycosaminoglycans (GAGs), which are linear
anionic periodic polysaccharides. We applied molecular modeling approaches to build a structural
model of full-length PCPE-1, which is not experimentally available, to predict GAG binding poses for
various GAG lengths, types and sulfation patterns, and to determine the effect of calcium ions on the
binding. The computational data are analyzed and discussed in the context of the experimental results
previously obtained using surface plasmon resonance binding assays. We also provide experimental
data on PCPE-1/GAG interactions obtained using inhibition assays with GAG oligosaccharides ranging
from disaccharides to octadecasaccharides. Our results predict the localization of GAG-binding
sites at the amino acid residue level onto PCPE-1 and is the first attempt to describe the effects
of ions on protein-GAG binding using modeling approaches. In addition, this study allows us
to get deeper insights into the in silico methodology challenges and limitations when applied to
GAG-protein interactions.

Keywords: procollagen C-proteinase enhancer-1; glycosaminoglycans; computational analysis of
protein-glycosaminoglycan interactions; calcium ions; fragment-based docking

1. Introduction

Glycosaminoglycans (GAGs) are anionic periodic linear polysaccharides, which are composed
of periodic disaccharide units [1] and play a key role in many biologically relevant processes by
interacting with their numerous and diverse protein targets such as cytokines and growth factors
in the extracellular matrix [2–5]. However, the molecular mechanisms underlying GAG-mediated
interactions are not fully understood, and experimental techniques alone are not sufficient for gaining
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insights into them [6]. Molecular modeling approaches are not only complementary to experiments,
but also provide additional and crucial details, which are experimentally inaccessible. In our previous
work, we successfully applied molecular docking and molecular dynamics methodologies in order
to model protein-GAG interactions. In particular, we have modeled the effects of GAG binding on
chemokines [7,8], growth factors [9,10] and other proteins [11,12], which allowed us to investigate
the fundamental questions related to these interactions such as their specificity, the role of multipose
character of GAG binding and polarity of binding poses of these periodic molecules.

In this work, we model interactions of GAGs with procollagen C-proteinase enhancer-1 (PCPE-1,
encoded by gene PCOLCE), a glycoprotein which plays an important role in the assembly of the
extracellular matrix [13,14]. Lacking proteolytic activity on its own, PCPE-1 enhances C-terminal
procollagen processing, mediated by tolloid-like proteinases such as bone morphogenetic protein 1
(BMP-1) and mammalian tolloid (mTLD) designated BMP-1/tolloid-like proteinases (BTPs) [14–17].
PCPE-1 expression is upregulated in fibrosis [18,19]. PCPE-1 comprises two complement, sea urchin
protein Uegf, BMP-1 (CUB) domains [20] and a netrin-like (NTR) domain [21]. Although neither
an X-ray nor an NMR structure is available for full-length PCPE-1, X-ray structure of CUB1-CUB2
domains (PDB ID: 6FZV, 2.7 Å) in a complex with C-propeptide of procollagen [22] and NMR structure
of the NTR domain (PDB ID: 1UAP) are available [23]. In the structure of the active CUB1-CUB2
fragment of PCPE-1 bound to the C-propeptide trimer of procollagen III (CPIII), two Ca2+ ions
participate in the formation of the interface between the CUB1-CUB2 domains and the procollagen
III molecule [22]. Often, CUB domains bind Ca2+, and Ca2+ coordination involves acidic amino
acid residues (i.e., Tyr-Glu-Asp-Asp motif) [24]. A conserved calcium binding site has indeed been
identified in the CUB1 domain of PCPE-1, and mutational analysis of this site confirmed that PCPE-1
stimulating activity requires a calcium binding motif in the CUB1 domain, which is highly conserved
among CUB-containing proteins [25]. A low-resolution structure of the full-length PCPE-1 protein was
proposed based on small angle X-ray scattering (SAXS), analytical ultracentrifugation and transmission
electron microscopy, showing that PCPE-1 is a rod-like molecule, with a length of 150 Å [26]. PCPE-1
binds to heparin (HP) as shown using affinity chromatography [27] and surface plasmon resonance
(SPR) binding assays [28], and the binding is mediated by the NTR domain. Heparan sulfate (HS) and
dermatan sulfate (DS) but not chondroitin sulfate (CS) inhibit PCPE-1-HP interactions. HP also binds
to BMP-1 [29]. HS could thus potentially act as a scaffold to assemble BMP-1, PCPE-1 and procollagen
together at the cell surface [28]. Therefore, the characterization of PCPE-1/GAG interactions at the
atom level is important for the detailed understanding of PCPE-1 functions.

The aim of this work is to get deeper insights into PCPE-1/GAG interactions using both SPR
inhibition assays and in silico techniques to complement the experimental data obtained in the
previous [28] and present work. Modeling approaches were used to build structural models of
full-length PCPE-1 and to determine GAG specific binding to PCPE-1 and its domains. We analyzed the
binding of PCPE-1 to GAGs of different types, lengths and sulfation patterns, which were rationally and
systematically chosen to match those used in experiments. We also investigate the potential role of Ca2+

in these interactions [28] and evaluate the challenges of in silico methodology to study protein-GAG
interactions [30]. The results reported here contribute to the understanding of the biologically relevant
PCPE-1/GAG interaction and, for the first time, systematically predict the structural positions and the
effects of Ca2+ ions on protein-GAG complexes.

2. Results and Discussion

2.1. Experimental Results

We have previously shown that DS, HS and HP but not CS inhibited the binding of soluble PCPE-1
to immobilized HP [28]. Here, we investigated the effect of HP oligosaccharides of various length as
inhibitors of PCPE-1 binding to HP in order to determine the optimal size of HP required to bind to
PCPE-1. There was a trend towards an increase in inhibition of PCPE-1-HP interaction with the length
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of HP oligosaccharides from dp2 to dp8, and then from dp14 to full-length HP chains (Figure 1). HP
decasaccharides and dodecasaccharides (dp10 and dp12, respectively) inhibited the binding of PCPE-1
to HP to a lesser extent than the HP octasaccharide (dp8). The oligosaccharides used for inhibition
experiments were separated according to their size and not to their sulfation pattern and/or charges.
They thus contain a mixture of oligosaccharides of the same size displaying a different number of
sulfate groups in different positions of their sequences resulting in different binding motifs with likely
different inhibitory efficiencies. This heterogeneity might be more pronounced in dp10 and dp12,
leading to a lower global inhibition by these oligosaccharides than by the octasaccharide.Int. J. Mol. Sci. 2019, 20, 5021 4 of 28 
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Figure 1. Surface plasmon resonance (SPR) inhibition assays. Inhibition of the binding of recombinant
human procollagen C-proteinase enhancer-1 (PCPE-1) to biotinylated heparin (HP) and heparan sulfate
(HS) captured on a streptavidin sensor chip (39 and 113 resonance units (RU) respectively) by HP
oligosaccharides of different degrees of polymerization (dp2-dp18) and by HP (6 and 16 kDa) at a
concentration of 5 µg/mL.

Then we applied the in silico approaches we have previously developed to analyze the binding
of PCPE-1 to GAGs at the atomic level and to determine if these interactions were exclusively
electrostatic-driven or if other factors modulate the binding strength.

2.2. Modeling the Full Structure of PCPE-1

We created two ensembles of full-length PCPE-1 structures using the UNRES (from UNited
RESidue) coarse-grained (CG) approach to determine the structure of the linker located between the
CUB1-CUB2 and the NTR domains. In the first one, the structures of the linkers were optimized,
and the domain structures were restrained, while in the second one, SAXS derived restraints were
used additionally in order to reproduce the experimental data [26] (see Section 3.4 for more details).
Five most probable structural models were obtained for both ensembles. For HP binding analysis
we used the first three models obtained without SAXS restraints and one model obtained with SAXS
restraints (SAXS Model) (Table 1). The radii of gyration of the models obtained without SAXS restraints
were significantly lower than those of the elongated structures restrained using SAXS data. As expected,
the SAXS Model had a radius of gyration in agreement with the experimental value calculated using
SAXS (41 ± 3 Å versus 43 ± 1 Å [26]. The obtained model was also consistent with the length of
the protein determined experimentally (150 Å). Poisson-Boltzmann surface area (PBSA) calculations
applied to these 4 models suggest that potential binding regions for HP were located in the NTR
domain for Model 3, at the interface of the linker and the NTR domain for Model 2 and SAXS Model,
and at the common interface of all domains (CUB1-CUB2, linker and NTR) in Model 1 (Figure 2,
Supplementary Figure S1).
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Table 1. Models of the full-length PCPE-1 obtained using UNRES coarse-grained (CG) simulations.

Model Restraints Probability Radius of Gyration (Å)

1

CUB1-CUB2, NTR domains

34 22.2

2 32 24.8

3 18 22.6

4 8 22.8

5 8 22.6

1

CUB1-CUB2, NTR domains + SAXS-based

39 43.5

2 21 44.5

3 17 43.5

4 14 43.3

5 9 43.9
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Figure 2. Small angle X-ray scattering (SAXS) Model (upper panel). Netrin-like (NTR) domain:
green; CUB1-CUB2: red; the interdomain linker between the CUB2 and NTR domains: black.
Positive electrostatic potential isosurfaces (2.0 kcal/mol · e−1) in the absence of Ca2+ ions obtained by
Poisson-Boltzmann surface area (PBSA) calculations (bottom panel).

2.3. PCPE-1 Interactions with Glycosaminoglycans

We modeled and analyzed the binding of PCPE-1 and its domains, NTR and CUB1-CUB2, with the
following GAGs: chondroitin sulfate-6 (CS6) made of two GalNAc6S-GlcA or three disaccharide units
(dp4 and dp6, respectively), dermatan sulfate comprised of three GalNAc6S-IdoA disaccharide units
(dp6), and heparin (HP) made of one, two and three GlcNS6S-IdoA2S disaccharide units (dp2, dp4,
and dp6 respectively). These GAGs were selected for the following reasons: to compare the in-silico
data with the experimental ones previously obtained with these GAGs [28] and to investigate the
effects of epimerization, length and sulfation pattern of GAGs on binding. Conventional docking
approaches are severely limited in terms of the size of GAGs and can be effectively used only for
the GAGs with a length up to dp6 [31]. Therefore, we used HP oligosaccharides of different lengths,
from dp2 to dp6, to determine the effect of the GAG length on the binding to PCPE-1. Since HP is the
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strongest binder, the results obtained with HP oligosaccharides of different lengths should be the most
representative. Furthermore, the GAGs studied here were selected in order to systematically evaluate
the changes in binding to PCPE-1 according to the GAG length (dp4-dp6 for CS6 and dp2-dp6 for HP),
the epimerization of glucuronic acid (CS6 dp6 and DS dp6), the increase in the number and position of
sulfated groups (i.e., the sulfation pattern) and the net charge of the oligosaccharides (CS6, DS and HP).

Several clusters of docking solutions were obtained for each GAG tested. The polarity of the
binding poses was analyzed because the orientation of the GAG chain was shown to be non-random for
the IL-8 chemokine [7] and determinant for the binding specificity of the C-X-C motif chemokine ligand
14 [8], suggesting an important functional role of GAG polarity in their interactions with proteins.
Then, for the most diverse binding poses within these clusters, molecular dynamics (MD) simulations
were performed with binding free energy post-processing calculations and per residue binding free
energy decomposition. We would like to emphasize that choosing a proper procedure of pose selection
for such analysis is very challenging, since it is unclear how many clusters and solutions within each
cluster should be representative, which part of the trajectory should be analyzed in terms of the free
energy, if only the best scored pose from a cluster or all the poses should be taken into account for the
further calculations, and how to weight their contributions in the latter case. The answers to these
questions are dependent on the molecular systems and on the particular goal of the modeling study.
These methodology-oriented aspects of protein-GAG modeling will be further discussed below.

2.3.1. The NTR-Domain

Among the found clusters of docking solutions, for CS6 dp4 and HP dp2, dp4 and dp6, one
major cluster was observed, while there was more uniform distribution of the solutions between
several clusters for CS6 dp6 and DS dp6 (Table 2). This suggests that for those molecules, especially
for CS6 where the clusters are especially diverse, multipose binding might be quite probable. GAG
multipose binding was previously identified both experimentally and computationally for TIMP-3,
which is homologous with the NTR domain [11]. Most solutions were localized near the C-terminal
α-helix of the NTR domain except for CS6 dp6 (Figures 3 and 4). The size of the clusters obtained
by molecular docking was not correlated with their corresponding free binding energies calculated
from the MD simulation. This means that molecular docking alone was not able to properly score
the solutions, although the Autodock 3 (AD3) scoring function is one of the most successful scoring
schemes when applied to GAG complexes [10]. Similarities of the binding regions for the docking
solutions post-processed by MD-based binding free energy decomposition per residue are reflected
in Tables 3 and 4 for the obtained clusters and for each GAG ligand respectively. According to the
binding free energy values obtained for the NTR domain bound to GAGs compared to the experimental
complexes from the PDB [31] and given that no dissociation of these complexes was observed, we
assume that the binding of the analyzed GAGs to NTR is stable. The binding strength, evaluated by
the calculation of free binding energy, of CS6 dp4 and CS6 dp6 did not significantly differ, but the
cluster location of CS6 dp6 differed from those of CS dp4, DS dp6 and HP dp2, dp4 and dp6. Only the
third biggest cluster for CS6 dp6 was located in the region overlapping with those of other analyzed
GAGs. CS6 dp6 and longer CS6 oligosaccharides might thus bind NTR differently from CS6 dp4 and
other GAGs. Therefore, although the binding strength was similar for CS6 and DS, their preferred
binding sites were distinct for these two GAGs, which differ only in the epimerization of glucuronic
acid. This could potentially explain the results from surface plasmon resonance binding assays, which
showed that CS6 did not inhibit PCPE-1 binding to HP whereas DS did [28]. Whereas DS competes
with HP for the same binding site on PCPE-1, CS6 binds to a different region, which would allow
HP oligosaccharides to remain bound to the NTR domain. Similar computational approaches were
successfully applied to demonstrate the experimentally proven differences in binding strength between
DS and CS6 interacting via the same binding pose to IL-8 [7,32] In contrast, the binding differences
for those GAGs were related to certain differences in the binding pose for CXCL14 [8]. This suggests
that for protein-GAG complexes, the predictive power of the computational methods is dramatically
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dependent on the protein involved and the distribution of the clusters on its surface, which is, in turn,
also sensitive to a particular clustering procedure. HP binds the NTR domain stronger than CS6
and DS, while its increase in length stabilizes the interaction suggesting a key role of electrostatic
interactions, although few hydrophobic amino acid residues (leucine and valine) and polar, uncharged,
amino acid residues (asparagine and glutamine) were predicted to interact with the analyzed GAGs
(Figure 4). Most clusters revealed a bias towards specific polarity of GAG binding poses, although this
trend was less pronounced for HP dp6 and DS dp6 (Table 2). This suggests that our docking approach
is able to distinguish GAG polarity, which is an important methodological finding and will allow us to
investigate one of the potential parameters underlying the specificity of protein-GAG interactions [8].

Table 2. Molecular docking molecular dynamics (MD)-based analysis summary for
NTR-GAG interaction.

GAG 1 m, ε 2 # 3 Size 4 ∆G (kcal/mol) 5 Polarity

CS6, dp4 3, 2

1 19 −42.0 ± 6.6; −48.3 ± 7.7; −41.3 ± 6.6 17/2

2 6 −30.1 ± 16.0; −63.3 ± 7.1 6/0

3 4 −34.4 ± 9.6; −38.4 ± 8.6 2/2

4 3 −46.7 ± 10.5 3/0

CS6, dp6 3, 2

1 3 −56.6 ± 9.0 3/0

2 3 −33.9 ± 9.2 3/0

3 3 −36.8 ± 7.1; −64.2 ± 11.8 3/0

DS, dp6 3, 2

1 6 −35.5 ± 6.3; −41.5 ± 6.8 5/1

2 4 −36.7 ± 6.6 4/0

3 3 −63.7 ± 8.3 3/0

4 3 −37.8 ± 8.2 2/1

HP, dp2 3, 2

1 25 −44.9 ± 9.3; −41.1 ± 7.3; −23.1 ± 7.6 25/0

2 12 −27.9 ± 9.2 12/0

3 9 −42.0 ± 9.0 9/0

4 3 −27.7 ± 8.9; −28.7 ± 5.6 3/0

HP, dp4 3, 2

1 32 −39.0 ± 7.2; −29.4 ± 10.4 21/11

2 3 −53.9 ± 7.2 3/0

3 3 −50.6 ± 11.5; −57.4 ± 8.6 2/1

HP, dp6 3, 2

1 15 −69.5 ± 7.8; −56.7 ± 7.4; −43.5 ± 9.7; −54.0 ± 14.8; −80.5 ± 10.7 9/6

2 7 −68.3 ± 11.0; −44.7 ± 7.5; −57.1 ± 10.6; −55.4 ± 9.1 4/3

3 6 −50.1 ± 10.0; −44.6 ± 9.5; −65.7 ± 11.5; −61.8 ± 13.6 4/2
1 DBSCAN parameters m, the minimal neighborhood size, and ε, neighborhood search radius [33]; 2 cluster number;
3 cluster size (number of solutions); 4 free energy of binding obtained by MM-GBSA; 5 the polarity of a GAG binding
pose was defined as its preferred orientation in relation to the reducing and non-reducing end.
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Figure 3. Molecular docking and molecular mechanics-generalized born surface area (MM-GBSA) 
for NTR-glycosaminoglycan (GAG) complexes. The structure of the NTR domain is shown in 
cartoon representation at the top. For each GAG, the analyzed clusters of docking solutions are 
shown in blue, red, yellow and green (from the most to the less populated cluster); the top 10 
residues binding to GAGs according to MM-GBSA calculations averaged per GAG are highlighted 
in red surface. Note that the clusters for CS6 dp6 are shown for a different protein spatial orientation 
to allow for a better visualization. In addition, averaging the per-residue energy for very different 
clusters could be misleading as shown for CS6 dp6: the residues shown in red do not overlap with 
the surface patches where the most representative clusters of solutions are located. 

Figure 3. Molecular docking and molecular mechanics-generalized born surface area (MM-GBSA) for
NTR-glycosaminoglycan (GAG) complexes. The structure of the NTR domain is shown in cartoon
representation at the top. For each GAG, the analyzed clusters of docking solutions are shown in
blue, red, yellow and green (from the most to the less populated cluster); the top 10 residues binding
to GAGs according to MM-GBSA calculations averaged per GAG are highlighted in red surface.
Note that the clusters for CS6 dp6 are shown for a different protein spatial orientation to allow for a
better visualization. In addition, averaging the per-residue energy for very different clusters could be
misleading as shown for CS6 dp6: the residues shown in red do not overlap with the surface patches
where the most representative clusters of solutions are located.
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Table 3. Similarity of GAG binding poses for the NTR domain as of common amino acid residues
identified in the top 10 for binding according to MM-GBSA calculations per cluster.

GAG CS6, dp4 CS6, dp6 DS, dp6 HP, dp2 HP, dp4 HP, dp6

CS6,
dp4

10 7 7 6 6 4 7 5 6 6 4 7 5 5 5 6 6 6 7 7 7

7 10 6 9 3 2 6 6 6 7 5 6 7 6 6 5 8 7 8 7 9

7 6 10 5 4 3 5 6 5 7 4 7 4 6 5 4 5 7 7 7 6

6 9 5 10 3 2 5 6 6 6 4 5 7 5 5 6 9 6 7 6 8

CS6,
dp6

6 3 4 3 10 7 5 2 5 3 1 4 3 1 1 5 3 2 5 5 4

4 2 3 2 7 10 5 2 4 2 1 5 2 1 1 4 2 1 4 3 3

7 6 5 5 5 5 10 5 5 4 5 6 5 4 4 7 5 4 7 6 7

DS,
dp6

5 6 6 6 2 2 5 10 5 6 6 6 6 7 6 5 6 8 7 7 7

6 6 5 6 5 4 5 5 10 5 5 4 6 4 4 6 7 5 7 6 6

6 7 7 6 3 2 4 6 5 10 6 6 6 6 6 3 5 7 7 8 6

4 5 4 4 1 1 5 6 5 6 10 4 4 5 5 3 4 6 5 5 5

HP,
dp2

7 6 7 5 4 5 6 6 4 6 4 10 5 5 5 5 5 6 7 7 7

5 7 4 7 3 2 5 6 6 6 4 5 10 5 5 7 7 5 7 7 7

5 6 6 5 1 1 4 7 4 6 5 5 5 10 6 3 5 7 6 6 6

5 6 5 5 1 1 4 6 4 6 5 5 5 6 10 3 5 6 6 6 6

HP,
dp4

6 5 4 6 5 4 7 5 6 3 3 5 7 3 3 10 7 3 6 5 6

6 8 5 9 3 2 5 6 7 5 4 5 7 5 5 7 10 6 7 6 8

6 7 7 6 2 1 4 8 5 7 6 6 5 7 6 3 6 10 6 7 7

HP,
dp6

7 8 7 7 5 4 7 7 7 7 5 7 7 6 6 6 7 6 10 9 9

7 7 7 6 5 3 6 7 6 8 5 7 7 6 6 5 6 7 9 10 8

7 9 6 8 4 3 7 7 6 6 5 7 7 6 6 6 8 7 9 8 10

Each line/column in front/below each GAG reflects a separate cluster, for which average values were taken
into account.
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Table 4. Similarity of GAG binding poses for the NTR domain as of the number of common amino acid
residues identified in the top 10 for binding according to MM-GBSA calculations per GAG.

GAG CS6, dp4 CS6, dp6 DS, dp6 HP, dp2 HP, dp4 HP, dp6

CS6, dp4 10 5 7 6 9 8

CS6, dp6 5 10 4 4 6 6

DS, dp6 7 4 10 6 7 7

HP, dp2 6 4 6 10 7 7

HP, dp4 9 6 7 7 10 9

HP, dp6 8 6 7 7 9 10

2.3.2. CUB1-CUB2 Domains

Although there is no experimental evidence suggesting that CUB1-CUB2 domains of PCPE-1
directly interact with GAGs, the differences in binding of NTR and full-length PCPE-1 to HP and
HS [28] indicate that CUB1-CUB2 domains could affect GAG binding to the full-length PCPE-1 protein.
Therefore, we analyzed the potential binding of these domains to GAGs using the same procedure
as above.

All the predicted binding poses were either located in the cleft region between the CUB domains or
bridged both CUB domains (Supplementary Figures S2 and S3). In both cases, such potential binding
would lead to restricted movements of the CUB domains relative to each other, which, in turn, would
affect the overall flexibility of PCPE-1 and its ability to recognize and to bind its partners. Calculated
GAG free binding energies were essentially less favorable than those calculated for the NTR domain
(Supplementary Table S1), which is consistent with NTR being responsible for GAG binding in PCPE-1.
No binding poses of the analyzed GAGs or the structures that can be obtained from them by GAG
chain elongation were found to be in close proximity to the Ca2+ binding sites or at the interface with
procollagen peptides [23]. In a number of cases, the binding poses predicted by molecular docking were
unstable (∆G higher than −15 kcal/mol), and the GAG dissociated from the protein. Such behavior was
typically observed for HP oligosaccharides and is explained by the repulsion of these highly charged
molecules by the negatively charged residues of the CUB1-CUB2 domain. Poses corresponding to
the binding of CS6 and DS, which are less negatively charged than HP, were globally more stable.
However, some binding poses were very stable and comparable with those found in the NTR domain
(e.g., cluster 2, solution 2 for CS6 dp4). In such cases, bound GAGs protruded deeply into the cleft
between the CUB1 and CUB2 domains forming strong van der Waals interactions in addition to the
electrostatic interactions, which are believed to be the driving force in the formation of protein-GAG
complexes [31,34]. As reported for the NTR domain, highly significant differences in free energy were
found for GAGs within and beyond the same clusters. One major cluster was found for CS6 of various
length in contrast to what was observed for other GAG analyzed. No correlation was found between
the size of clusters and their free binding energies. The comparison between the observed clusters and
the data averaged for different GAGs in terms of the most important protein binding residues showed
high similarities for all GAGs, suggesting weak and rather unspecific binding to CUB1-CUB2 domains
(Supplementary Figure S2, Supplementary Tables S2 and S3). Interestingly, for CS6 dp4 the differences
between the clusters were more prominent than the differences of these clusters with those obtained
for other GAGs. The increase in length of HP from dp2 to dp6 did not modify the potential interaction
pattern with the CUB1-CUB2 domains. All clusters revealed strong polarity preferences except for the
DS clusters.

2.3.3. Full PCPE-1

GAG binding was characterized with full-length PCPE-1 models obtained using UNRES CG
simulations and HP dp6 as a ligand. Binding to Model 1, which was the most probable model among
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the ones obtained without the SAXS-based restraints, was significantly stronger than to Models 2, 3
and the SAXS Model (Table 5, Supplementary Table S4), as well as to the NTR domain (t-test, p-value
< 0.05). Binding to Model 3 was also significantly stronger than to Model 2 and to the NTR domain.
All clusters of HP dp6 solutions obtained for Model 1 were located in the region formed by the same
residues of the NTR domain, the linker and the CUB1-CUB2 domains. For Model 2, the first cluster was
located differently from the second and the third clusters. All the clusters correspond to the residues
belonging predominantly to the NTR domain and the linker, but also partially to the CUB1-CUB2
domains. For Model 3, only NTR residues contributed to the binding of HP dp6. Cluster 1 was the most
representative for Model 3 according to the molecular docking results, although not the most favorable
according to MM-GBSA calculations, which again points to the essential differences in molecular
docking and MD-based scoring. In the SAXS Model, GAG binding occurred at the NTR/linker interface.
In all cases, the clusters were located in PCPE-1 patches corresponding to the positive electrostatic
potential shown in Figure 2 and Figure S1.

Table 5. Molecular docking MD-based analysis summary for PCPE-1 SAXS Model/HP dp6 interaction.

1 m, ε 2 # 3 Size 4 ∆G, kcal/mol
5 TopMM-GBSA 10 Residues for

GAG Binding
6 Polarity

2, 2.64

1 4 −62.4.8 ± 19.0; −54.9 ± 9.1
−49.6 ± 18.6

R435, K436, R275, R288, K279,
K299, K365, K434, N331, K295 4/0

2 3 −50.1 ± 9.7; −79.0 ± 17.0;
−38.1 ± 9.4

K436, R435, K365, K299, K434,
K271, K295, R288, K165, K279 3/0

3 3 −30.8 ± 10.7; −36.0 ± 7.8;
−42.3 ± 10.6

K299, K436, K279, K365, K271,
K434, K295, K165, Q282, R435 2/1

1 DBSCAN parameters m, the minimal neighborhood size, and ε, neighborhood search radius [33]; 2 cluster number;
3 cluster size; 4 free energy of binding obtained by MM-GBSA; 5 residues identified in the top 10 for binding
according to MM-GBSA calculations per cluster ordered by the impact (starting from the most favorable one).
6 The polarity of a GAG binding pose was defined as its preferred orientation in relation to the reducing and
non-reducing end.

2.4. The Potential Role of Ca2+ in PCPE-1 Interactions with Glycosaminoglycans

2.4.1. Prediction of Ca2+ Binding Sites

According to the experimental data, the interactions between both full-length PCPE-1 and the
NTR domain with HP and HS are cation-dependent [28]. Therefore, we attempted to analyze the
impact of Ca2+ ions on HP binding in silico, which allowed us to evaluate the available computational
tools in terms of sensitivity and prediction power to account for divalent ions in such calculations.
As a first step, we applied three different approaches (see Section 3.7 for details) to annexin V protein,
which has 9 experimentally identified occupied Ca2+ binding sites, some of which are occupied upon
HP binding [35]. The IonCom server predicted correctly eight out of nine experimentally known
binding sites, while FoldX and MD approaches correctly predicted six binding sites (Table 6).
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Table 6. Ca2+ predictions for annexin V and PCPE-1 domains: number of the binding sites predicted
are provided.

Protein PDB ID Experimental Structure Method

FoldX IonCom 1 MD

Annexin V 1G5N 9 6 8 6

NTR 1UAP 0 0 0

2

3

1

1

1

CUB1-CUB2 6FZV 2 2 2

2

2

1

2

1
1 Five repetitions of the MD simulations were performed for PCPE-1 domains.

Furthermore, we performed MM-GBSA calculations to estimate if the strength of the Ca2+ binding
in these experimentally known binding sites correlated with the predictions (Table 7). As shown in
the table, the total energies of interactions were positive despite the fact that all the ions were stable
during the entire MD simulation performed in explicit solvent. This reflects the fact that the implicit
continuous solvent model in MM-GBSA fails to properly account for the strength of binding for these
divalent ions in terms of the full binding free energy. At the same time, in vacuo electrostatic energy
was highly negative and could be meaningful for comparing binding sites since the studied interactions
were electrostatically driven. A t-test performed for the in vacuo electrostatic energy values did not
point out any statistical differences between the sites, which were properly predicted and the ones
which the MD-based approach failed to predict.

Table 7. MM-GBSA free energy calculations (per Ca2+ ion) for the experimentally known Ca2+ binding
sites in annexin V.

Ca2+ Number (X-Ray) 1 ∆G, kcal/mol 2 ∆Gele, kcal/mol 3 FoldX 3 IonCom 3 MD

319 57.2 ± 4.7 −310.4 ± 10.3 + + +

320 47.5 ± 4.8 −264.8 ± 15.7 + + –

321 36.5 ± 3.5 −296.0 ± 10.9 – + +

322 59.7 ± 4.9 −380.5 ± 9.5 + + –

323 36.4 ± 3.5 −332.4 ± 7.9 – – +

324 62.4 ± 4.4 −376.6 ± 8.1 + + +

325 47.5 ± 6.1 −413.2 ± 13.0 + + +

326 39.3 ± 3.7 −312.2 ± 9.2 – + +

327 59.2 ± 4.7 −302.3 ± 8.6 + + –
1 and 2: ∆G and ∆Gele stand for the total and in vacuo electrostatic MM-GBSA free energies, respectively. 3 Plus and
minus reflect whether the method was capable of predicting the corresponding experimentally detected binding
site correctly.

We applied three ion-binding site prediction methods to the NTR and the CUB1-CUB2 domains of
PCPE-1 (Table 6). Neither FoldX nor IonCom found any Ca2+ binding site for the NTR domain, while
the MD approach identified from one to three binding sites, one of which being consistent through all
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five repetitions of MD simulations. The fact that these methods did not agree with MD simulations
could be due to conformational changes of negatively charged amino acid side chains during the
MD simulation, allowing them to come close to each other and to coordinate calcium ions. FoldX
and IonCom used static structures, which prevents the dynamics required for the coordination of
Ca2+. For CUB1-CUB2 domains, all methods were consistent and predicted two Ca2+ binding sites
identical to those found in the CUB1-CUB2 domain complexed with procollagen (PDB ID: 6FZV).
This means that CUB1-CUB2 domains in PCPE-1 could be already prebound to Ca2+ ions when the
interaction with the procollagen is established. Furthermore, we compared the predicted Ca2+ binding
sites for PCPE-1 domains in terms of electrostatic energies obtained from MM-GBSA calculations with
the corresponding energies for annexin V in order to estimate their strength (Table 8). CUB1-CUB2
binding sites were energetically comparable with those of annexin V. The Ca2+ binding site in CUB2
was stronger than in CUB1 as suggested by more favorable electrostatic energies and by the fact that
the Ca2+ binding site in CUB2 was identified by MD in all five MD replicas, while the Ca2+ binding
site of CUB1 was correctly identified in three MD simulations. The Ca2+ binding sites predicted
for the NTR domain were significantly weaker, and only one of them was found in all MD replicas.
This suggests that this site may be unoccupied when the NTR domain is in solution and not bound
to a GAG. The experimental evidence that the NTR domain binding to HP is dependent on divalent
cations [28] leads to the hypothesis that Ca2+ ions could potentially bind within the interface of the
NTR-HP complex.

Table 8. MM-GBSA free energy calculations (per Ca2+ ion) for the predicted Ca2+ binding sites in
PCPE-1 domains and corresponding Ca2+ binding site occupancy in 100 ns MD simulation.

PCPE-1 Domain Ca2+ Site 2 ∆Gele, kcal/mol Site Occupancy, ns

NTR, MD1 E405, E406, N407
G367, D370

−116.5 ± 20.4
−58.3 ± 15.7

65
40

NTR, MD2
E405, E406, N407

D314/N-terminus of NTR
G367, D370

−125.8 ± 14.7
−38.6 ± 19.0
−49.6 ± 14.2

85
35
90

NTR, MD3 E405, E406, N407 −120.3 ± 15.9 75

NTR, MD4 E405, E406, N407 −123.4 ± 12.2 45

NTR, MD5
E405, E406, N407

1 E405, E406, N407/G367,
D370

−51.7 ± 13.7;
−156.2 ± 33.6

65
25

CUB1-CUB2 (X-ray, PDB
ID: 6FZV)

E85, Y92, D93, D134
Y180, E208, D216, D258

−363.2 ± 10.8
−466.5 ± 12.5

100
100

CUB1-CUB2, MD1 E85, Y92, D93, D134
Y180, E208, D216, D258

−389.9 ± 19.3
−302.9 ± 24.3

25
90

CUB1-CUB2, MD2 E85, Y92, D93, D134
Y180, E208, D216, D258

−368.3 ± 18.7
−371.9 ± 11.8

85
90

CUB1-CUB2, MD3 Y180, E208, D216, D258 −389.2 ± 18.6 85

CUB1-CUB2, MD4 E85, Y92, D93, D134
Y180, E208, D216, D258

−293.7 ± 9.0
−374.0 ± 16.1

75
95

CUB1-CUB2, MD5 Y180, E208, D216, D258 −521.4 ± 10.8 95
1 In the course of this simulation, G367 and D370 moved towards E405, E406 and N407 to coordinate Ca2+. (MD:
molecular dynamics, 1–5: replicas). 2 ∆Gele stands for the in vacuo electrostatic MM-GBSA free energy.

We calculated electrostatic potential isosurfaces for the NTR and CUB1-CUB2 domains in the
presence and in the absence of Ca2+ ions using the PBSA approach to predict how the electrostatic
properties of the protein were affected by Ca2+ ions binding, which, in turn, could have an impact on
GAG binding. For this, we used two Ca2+ binding sites corresponding to the X-ray structure (PDB
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ID: 6FZV) of the CUB1-CUB2 domain, and the weak Ca2+ binding site predicted in the NTR domain
(Figure 5). Major differences in both positive and negative electrostatic potential shape were observed
for the NTR domain. This is not only explained by the direct effect of Ca2+ positive charge but also by
the fact that E405, E406 and N407 were moved closer to each other to coordinate the cation, which also
affects the topology of the isosurface. For CUB1-CUB2 domains, the largest positively charged patch of
the potential isosurface was not noticeably affected by the presence Ca2+ ions. To sum up, the predicted
3 Ca2+ binding sites for both PCPE-1 domains, when occupied, could potentially affect GAG binding.
This potential effect is analyzed below.
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Figure 5. Electrostatic potential isosurfaces (blue, positive; red, negative) of NTR (–2.5 kcal/mol·e−1

and 1.0 kcal/mol·e−1) and CUB1-CUB2 (–3 kcal/mol·e−1 and 3 kcal/mol·e−1) domains in the presence
and in the absence of Ca2+ ions obtained by PBSA calculations. Protein domains are shown in cartoon
with the residues coordinating Ca2+ ions in licorice representation; Ca2+ ions: blue spheres.

2.4.2. PCPE-1 Interactions with Glycosaminoglycans in the Presence of Ca2+ Ions

In order to analyze the potential impact of Ca2+ ions on PCPE-1-GAG interactions, HP dp2, dp4
and dp6 were docked onto NTR, CUB1-CUB2 and the full-length protein in the presence of Ca2+

ions, followed by MD-based analysis. Two Ca2+ ions were prebound to CUB1-CUB2 and one to the
NTR domain. Despite the differences in electrostatic properties of these domains described above,
no significant changes in docking results or binding free energies were observed when compared with
the domains without prebound Ca2+ (Supplementary Figures S4 and S5 and Supplementary Tables S5
and S6). In both cases, the binding occurred in the regions distant from the Ca2+ ion binding sites.
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Only one cluster (HP dp6, cluster 3 in the NTR domain) was found to be close to the Ca2+ ion. In the
corresponding binding poses the ion was coordinated by a sulfate group from the terminal GlcNS(6S)
residue. However, the binding poses from this cluster were significantly less favorable than those
located distantly from the Ca2+ ion.

We also analyzed the impact of Ca2+ ions on the GAG binding to the full-length PCPE-1 (Table 9,
Supplementary Table S7, Figure 6, Supplementary Figure S6). For Models 1 and 2 and the SAXS
Model, we did not observe any effect of Ca2+ ions on the location of the structural clusters nor the
direct participation of the Ca2+ ions in binding HP dp6. For Model 3, there was a significant difference
between the clusters observed in the absence and in the presence of Ca2+ ions (e.g., cluster 2) related
to the essential changes of the electrostatic potential on the protein surface in the presence of Ca2+.
In terms of the free energies of binding, the presence of Ca2+ ions did not significantly affect binding to
Models 1 or 2 or the SAXS Model. For cluster 2 of Model 3, which was relocated in the presence of
Ca2+ ions, the free energy of binding became less favorable than in the absence of Ca2+ ions.

Table 9. Molecular docking MD-based analysis summary for PCPE-1 SAXS Model/Ca2+/HP
dp6 interaction.

1 m, ε 2 # 3 Size 4 ∆G, kcal/mol
5 TopMM-GBSA 10 Residues for

GAG Binding
6 Polarity

2, 2.8

1 6 −58.8 ± 12.2; −56.0 ± 19.7;
−58.6 ± 13.7

R435, K436, K434, K365, K299,
K279, K295, R288, P438, K271 5/1

2 4 −79.5 ± 15.6; −32.6 ± 11.0;
−42.8 ± 10.0

K436, R435, K279, R288, K365,
K299, K434, Q282, G281, K287 3/1

3 3 −30.8 ± 10.7; −70.7 ± 13.2;
−56.6 ± 18.4

R435, K299, K436, K365, K434,
R275, K279, K295, K271, K305 3/0

1 DBSCAN parameters m, the minimal neighborhood size. and ε, neighborhood search radius [33]; 2 cluster number;
3 cluster size; 4 free energy of binding obtained by MM-GBSA; 5 residues identified in the top 10 for binding
according to MM-GBSA calculations per cluster ordered by the impact (starting from the most favorable one).
6 The polarity of a GAG binding pose was defined as its preferred orientation in relation to the reducing and
non-reducing end.
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To summarize our attempts to determine the impact of Ca2+ on GAG binding to PCPE-1,
our approach to consider Ca2+ ions as a part of the protein did not detect any favorable effect of these
divalent ions on GAG binding in contrast to the experimental data [28]. Therefore, we hypothesize
that Ca2+ ions might bind to GAGs rather than to PCPE-1 prior to the complex formation. The binding
of divalent ions to GAGs has been experimentally reported for Zn2+, Mn2+, Cu2+, Ca2+, Co2+, Na+,
Mg2+, Fe3+, Ni2+, Al3+ and Sr2+ ions [36,37]. The crucial role of cations in protein-GAG interactions
was experimentally shown for amyloid precursor protein [38], HP cofactor II [39], endostatin [40,41],
FGF1 and IL-7 [42]. Experimental data obtained using mass spectrometry [43], NMR [44], gel-filtration
chromatography [45,46] and infrared spectroscopy [47] indicate that GAGs interact with divalent ions,
and that these interactions affect GAG structure and conformational properties. Divalent ions will be
integrated in GAG structure in our future work on protein-GAG complexes. Another potential role of
Ca2+ ions could be to stabilize PCPE-1 structure, which would affect its interactions with GAGs.

2.4.3. Predicting Longer GAG Binding Poses Using the Fragment-Based Approach

We calculated the binding poses of long (dp11) HP chains on full-length PCPE-1 in the absence
and the presence of three Ca2+ ions, two bound to CUB1-CUB2 and one to the NTR domain (Table 10,
Table S8). HP dp11 was the longest GAG that we managed to assemble in these docking experiments,
and it was used to model the scenario when the GAGs longer than dp6 are bound to the protein.
The increase in length of the HP chain from dp6 to dp11 significantly stabilized (p-value < 0.05) the
interactions with PCPE-1 Models 1 and 2. The addition of Ca2+ strengthened the interactions of HP
dp11 with PCPE-1 for Models 1, 2 and the SAXS Model but not for Model 3. Similarly to what was
observed for HP dp6, Model 1 was the strongest in terms of HP dp11 binding. Ca2+ ions did not affect
the binding sites of HP dp6 on the surface of Models 1, 2 or the SAXS Model but changed binding to
Model 3, as described for HP dp6 (Figure 7, Supplementary Figure S7). In all the cases, docked HP dp6
structures overlapped very well with those of HP dp11. It could be concluded that docking HP dp6
defines the core binding unit of a HP chain. The increase in binding affinity with the increase of HP
length agrees with the experimental trend observed in this study (Figure 1).

Table 10. Fragment-based molecular docking MD analysis summary for PCPE-1 SAXS Model/Ca2+/HP
dp11 interaction.

1 # 2 Ca2+ 3 ∆G, kcal/mol 4 TopMM-GBSA 10 Residues for GAG Binding

1 – −65.6 ± 12.3 K299, R288, R435, K436, K295, K293, K305, K287, K365, P298

2 – −64.2 ± 11.2 K436, K434, R275, K279, K295, R435, K365, R288, K299, K287

3 – −94.7 ± 12.4 K295, K436, R435, K365, K434, K293, K299, R288, K305, V294

1 + −93.3 ± 12.3 R435, K279, K295, K436, K305, K299, K434, N331, K271, R324

2 + −73.8 ± 11.9 R435, K434, K436, K299, K295, K279, P298, K293, K287, K305

3 + −102.5 ± 14.7 K436, K299, K295, R435, R275, K293, K279, K434, K305, P441
1 Pose number; 2 Ca2+ presence; 3 free energy of binding obtained by MM-GBSA; 4 residues identified in the top 10
for binding according to MM-GBSA calculations per cluster ordered by the impact (starting from the most favorable
one).
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3. Materials and Methods

3.1. Surface Plasmon Resonance (SPR) Binding Assays

The SPR measurements were performed on a BIAcore 3000 instruments (GE Healthcare, Uppsala,
Sweden), and the data were analtzed with the BIAevaluation 3.1 Software (GE Healthcare, Uppsala,
Sweden) as previously described [28]. Inhibition assays of PCPE-1 binding to HP and HS by HP
oligosaccharides (from dp2 up to dp8, generous gift of Rabia Sadir and Hugues Lortat-Jacob, Institut
de Biologie Structurale, Grenoble, France) were carried out as previously described [28]. Briefly, HP
(Sigma, St Quentin Fallavier, France) and HS (Celsus Laboratories Inc, Cincinnati, OH, USA) from
porcine intestinal mucosa were biotinylated and captured on streptavidin previously immobilized on a
CM4 sensor chip (GE Healthcare, Uppsala, Sweden). Human recombinant PCPE-1 (1 µM) [28] was
incubated with HP oligosaccharides (5 µg/mL) in 10 mM Hepes pH 7.5 + NaCl 0.15 M + P20 0.005%
(HBS) + 5 mM CaCl2 for one hour before injection over immobilized HP (39 RUs) and HS (113 RUs) at
a flow rate of 30 µL/min for 4 min. The percentages of inhibition were calculated relative to PCPE-1
binding level incubated in the same conditions with HBS + 5 mM CaCl2. The running buffer was HBS
and the temperature was set at 25 ◦C.

3.2. Structures

3.2.1. Protein Structures

The structure of the N-terminal CUB1-CUB2 domains was obtained from the X-ray structure of
CUB1-CUB2 fragment of PCPE-1 bound to the C-propeptide trimer of procollagen III (PDB ID: 6FVZ,
2.7 Å). In this structure, the residues 33–275 are resolved (here and further, the numeration of the
sequence corresponds to the UniProtKB ID: Q15113). However, the structure of the linker (151–157)
between two CUB domains was not determined due to its flexibility [22]. The structure of the NTR
domain (313–442) was also obtained from the PDB (PDB ID: 1UAP, 1st NMR model) [23]. The structures
of the linker between two CUB domains (151–157) as well as the interdomain linker (276–312) were
built in xLeap module of AMBER16, refined using an MD approach and then used for modeling the
full-length structure of PCPE-1 with a CG MD approach as described in the Section 3.4.

140



Int. J. Mol. Sci. 2019, 20, 5021

3.2.2. Glycosaminoglycan Structures

The following GAG structures were used for molecular docking: CS6 dp4, CS6 dp6, DS dp6,
HP dp2, dp4, dp3, dp6 with (IdoA(2S) ring in 1C4 conformation, as this conformation is clearly
predominant in HP [9,48]). These structures were built in our previous work [49].

3.3. Electrostatic Potential Calculations

The PBSA approach as implemented in AmberTools within AMBER16 package [50] was used
to calculate electrostatic potential isosurfaces corresponding to the analyzed proteins. This method
proved to be successful for GAG binding site prediction on an extensive protein-GAG dataset from the
PDB [31]. The default value for the grid spacing of 1.0 Å and ff99SB force field parameters were used.
The electrostatic potential isosurfaces were analyzed in VMD [51]. For visualization, such values of
positive and negative electrostatic potential were chosen for each molecular system so that the data
were as informative as possible for GAG binding site propensities.

3.4. Coarse-Grained MD Simulations

In order to calculate the conformations of the PCPE-1 linkers (151–157 and 276–312 sequences)
to obtain a model of the full-length protein, we applied a CG multiplexed replica exchange
molecular dynamics (MREMD) [52,53] approach as implemented in UNRES (United Residues) [54,55],
as previously described. The protocol was similar to that used in our previous work [12]. Distance
restraints were imposed on the domains during the MREMD simulations. Additionally, in one of the
simulations, SAXS-derived restraints [22] were imposed [56]. Each MREMD simulation consisted of
20 trajectories run at temperatures from 265 K to 370 K. Each trajectory consisted of 3.5 × 107 MD
steps with 4.89 fs length for simulations with the restraints on the domains only and 7.1 × 104 steps
for simulations with additional SAXS-derived restraints. The lower number of steps for simulations
with information from the SAXS experiment was used because the radius of gyration of maintained
structures was obtained already after that time. Only conformations from the last quarter of the
simulation were taken into further analysis with the use of the weighted histogram analysis method
(WHAM) [56]. The next step was minimum variance cluster analysis [57] of the conformational
ensemble at T = 300 K, which enabled us to obtain five clusters, ranked according to summary
probabilities of the ensembles and containing the most probable structures to the cluster with the least
probable structures. For each cluster, one representative structure, closest to the cluster centroid, was
selected as the representative conformation. The last step was the conversion of CG structures into
all-atom ones using the PULCHRA [58] and SCWRL [59] algorithms.

3.5. Molecular Docking

3.5.1. Autodock 3

The docking simulations of GAG ligands to the PCPE-1 were performed with Autodock 3
(AD3) [60], which was previously shown to yield the best performance among docking programs for
GAG ligands [10,31]. The blind docking procedure was used: the whole protein surface was available
for the ligand when sampling a potential binding site. For all proteins, we used 127 × 127 × 127
grid points for AD3 runs. However, because of the differences in protein size, the grid step was
different for different proteins to contain the whole protein molecule within a single grid box: the
default value of 0.375 Å was used for the NTR domain, while 0.5 Å was used for CUB1-CUB2
domains, and the grid step of 0.6–1.0 Å was used for different models of the full-length PCPE-1
protein due to their essentially bigger sizes. All GAG ligands were docked to the protein with
the use of the Lamarckian genetic algorithm. The initial population size was 300, 105 generations,
9995·105 energy evaluations and 1000 independent runs with up to 33 torsional angle degrees of
freedom were carried out. 1000 docked structures for each molecular system (protein-GAG pair)
were obtained and further analyzed; the 50 top-scored ones (according to AD3 scoring function)
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were chosen for further clustering with the DBSCAN algorithm [33]. The clustering parameters,
neighborhood search radii and minimal numbers of cluster members were manually selected for
each system individually in order to yield 2-4 representative clusters. The distance metric used for
clustering, which is defined as the root-mean-square of atomic distances for the nearest atoms of the
same type, takes into account the periodic nature of GAGs, which is more appropriate for those ligands
than the classical root-mean-square deviation (RMSD) [61]. Within each cluster, those poses which
were different from one another to be categorized into subgroups were selected for further analysis.
Such a procedure was used to account for the multiple pose binding previously observed for GAG
ligands [11,62]. The GAG glycosidic linkages from the obtained docking poses were visually filtered in
order to avoid incorrect geometries that could be produced by AD3 [63].

3.5.2. Fragment-Based Approach

In order to dock longer HP to the full-length PCPE-1 protein, which is unfeasible for the
AD3 protocol described above due to the limitation of the available number of the degrees of
freedom and, in general, because of the computationally very expensive conformational sampling
required for simulations with such ligands, a fragment-based docking approach we recently
developed was applied [64]. In brief, first, HP dp3 of both types, IdoA(2S)-GlcNS(6S)-IdoA(2S)
and GlcNS(6S)-IdoA(2S)-GlcNS(6S), were docked using the AD3 docking procedure described in
Section 3.5.1. Then, all 1000 solutions for each HP dp3 fragments were used to assemble ~105 dp11
GAG chains applying the approach standard parameters [64]. This was followed by the refinement
and all-atom conversion of the chains with a slight modification in the original scripts to avoid the
RMSD-based selection of the best fitting structures compared to the experimental ones due to the
lack of proper atomistic experimental PCPE-1/GAG complex structures. In particular, instead of the
previously described way of selecting structures, a simple RMSD-based clustering (cutoff 4 Å) was
performed to filter out the duplicates and find the most relevant structures. From the resulted ~5-40
atomistic structures the ones with significantly different docking poses were selected and refined
together with the full protein using MD simulations applying the same procedure as described in
Section 3.6, except for the minimization procedure where at the first step of 104–105 steepest descent
minimization cycles were applied before the conjugate gradient minimization step.

3.6. All-Atom MD Simulations and MM-GBSA Free Energy Calculations

All-atom molecular dynamics (MD) simulations of the PCPE-1, PCPE-1/Ca2+ and
PCPE-1/Ca2+/GAG complexes obtained by molecular docking were performed with the use of
the AMBER16 MD package [50]. Periodic boundary conditions in a truncated octahedron TIP3P
water box with at least 8 Å distance from the solute to the periodic box border were used. Na+ and
Cl− monovalent counterions were used to neutralize the system. ff99SB force field parameters for
protein [65] and the GLYCAM06 [66] for GAGs were used, respectively. Prior to MD production
runs, two energy-minimization steps were performed: first, 500 steepest descent cycles and 1000
conjugate-gradient cycles with harmonic force restraints on solute (10 kcal/mol/Å2), then, 3000
steepest-descent cycles and 3000 conjugate-gradient cycles without restraints. After the minimization,
the system was heated up to 300 K for 10 ps with harmonic force restraints on solute (10 kcal/mol/Å2),
equilibrated for 100 ps at 300 K and 105 Pa in isothermal isobaric ensemble (NTP). This was followed
by a 100 ns MD production run in the same NTP ensemble. The SHAKE algorithm, 2 fs time
integration, 8 Å cutoff for non-bonded interactions, and the particle mesh Ewald method were used.
The trajectories were analyzed using the cpptraj module of AMBER Tools [46]. Free-energy calculations
and per-residue energy decomposition were done using molecular mechanics-generalized born surface
area (MM-GBSA) model igb = 2 [67] for protein-GAG and protein-Ca2+ complexes for the parts of the
trajectory where convergence in terms of RMSD was obtained. The obtained energy values account
explicitly for the enthalpy and implicitly for the solvent entropy. For this reason, the reported energies
should not be strictly interpreted as full free energy of binding: the entropic contribution to binding
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was not taken into account explicitly. Entropy calculations were shown to dramatically increase the
overall noise in the free binding energies when used within MM-GBSA free energy calculation schemes
in general [68] and for GAG containing systems particularly [69].

3.7. Ca2+ Ion Position Prediction

We applied and compared several approaches to predict the Ca2+ binding sites on the surface of
PCPE-1 and its domains. Prior to applying these approaches to PCPE-1, we analyzed their performance
for the complex between an annexin V and HP, where Ca2+ ions are known to be stable and to contribute
to GAG binding (PDB ID: 1G5N, 2.7 Å) [35]. In this structure, 9 Ca2+ were resolved.

3.7.1. Molecular Dynamics Approach

We used the MD approach with the protocols described in Section 3.6 to predict the binding
sites of Ca2+ on the surface of protein. The length of each MD simulation run was 100 ns. In these
calculations, Ca2+ ions were placed randomly in the periodic box. For annexin V, 9 Ca2+ were used
corresponding to the number of Ca2+ ions observed in the experimental structure. For CUB1-CUB2,
NTR domains, three ions were used. The number of ions was chosen in order to sample effectively
the protein surface within a reasonable simulation time. For the CUB1-CUB2 and the NTR domains,
the simulations were repeated 5 times. The trajectories were analyzed, and the for the frames where the
Ca2+ ions were stably bound in terms of RMSD convergence for the coordination complex, MM-GBSA
free energy calculations were performed. The obtained values for the predicted Ca2+ binding sites
were compared with the corresponding energies obtained from the simulations of annexin V-Ca2+ and
CUB1-CUB2-Ca2+ crystal structures. The latter was extracted from the structure of the complex of
CUB1-CUB2 with procollagen peptide (PDB ID: 6FVZ, 2.7 Å).

3.7.2. FoldX and IonCom

We used the scripts of FoldX available at http://foldx.embl.de and online ion ligand binding
site prediction tool IonCom at https://zhanglab.ccmb.med.umich.edu/IonCom for Ca2+ binding site
predictions. FoldX represents a tool with an implemented empirical force field developed for effective
evaluation of the contribution of mutations on the stability, folding and dynamics of proteins and
nucleic acids [70,71]. As an output FoldX yields the positions of predicted ions on the surface of the
protein. In contrast, IonCom utilizes ab initio training and template-based information to output a
list of protein residues potentially involved in ion binding [72]. Both programs were used with the
default parameters.

3.8. Visualization and Data Analysis

VMD [51], Chimera [73] and Pymol [74] were used for structural analysis visualization, MD
trajectory analysis, as well as for the graphics production. R package was used for data analysis [75].

4. Conclusions

We report here the computational analysis of the interactions of full-length PCPE-1 and its
domains with GAGs of various lengths and sequences. This model of full-length PCPE-1 based on
SAXS restraints is in agreement with the experimental values of its radius of gyration and length.
The full-length protein binds GAGs through the NTR domain and the interdomain linker, while the
binding to CUB1-CUB2 domains is weaker, likely non-specific, and less energetically favorable. GAG
preferential binding to the NTR domain is mostly electrostatically-driven. CS6 is predicted to bind
to a different site of the NTR domain than the other GAGs, which may account for the experimental
differences previously observed between CS6 and DS/HP [28]. Fragment-based docking of longer GAG
oligosaccharides results in overlap with the docking poses obtained for shorter GAGs and corresponds
to more favorable interactions than those established by shorter oligosaccharides in agreement with
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the strongest inhibition of PCPE-1-HP interactions by longer HP oligosaccharides reported in this
study. Our results suggest that calcium ions may bind to GAGs before they interact with PCPE-1 or
may stabilize the structure and conformation of full-length PCPE-1. Although we have used several
computational approaches to predict Ca2+ binding sites on the protein surface, considering calcium
ions as a part of the protein receptor for docking is not an approach applicable to all systems.

From a methodological point of view, we have shown that the size of the clusters identified by
molecular docking is not correlated with their free binding energies obtained in the MD simulation.
We have successfully applied, for the first time, fragment-based docking to dp11 oligosaccharides,
which will be useful for the computational characterization of protein interactions with long GAGs,
which are challenging to study using conventional docking approaches.

Supplementary Materials: Supplementary Materials can be found at http://www.mdpi.com/1422-0067/20/20/
5021/s1.
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Abbreviations

AD3 Autodock 3
BMP-1 Bone morphogenetic protein-1
CG Coarse-grained
CS Chondroitin sulfate
CUB Complement, sea urchin protein Uegf, BMP-1
DS Dermatan sulfate
GAG Glycosaminoglycan
HP Heparin
HS Heparan sulfate
MD Molecular dynamics
MM-GBSA Molecular mechanics-generalized born surface area
mTLD Mammalian tolloid
NTR Netrin-like domain
PBSA Poisson-Boltzmann surface area
PCPE-1 Procollagen C-proteinase enhancer-1
SAXS Small angle X-ray scattering
UNRES United residue force field
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Abstract: An in silico analysis of the interaction between the complex-ligands of nine
acetylcholinesterase (AChE) structures of Lepidopteran organisms and 43 organophosphorus (OPs)
pesticides with previous resistance reports was carried out. To predict the potential resistance by
structural modifications in Lepidoptera insects, due to proposed point mutations in AChE, a broad
analysis was performed using computational tools, such as homology modeling and molecular
docking. Two relevant findings were revealed: (1) Docking results give a configuration of the most
probable spatial orientation of two interacting molecules (AChE enzyme and OP pesticide) and
(2) a predicted ∆Gb. The mutations evaluated in the form 1 acetylcholinesterase (AChE-1) and form
2 acetylcholinesterase (AChE-2) structures of enzymes do not affect in any way (there is no regularity
of change or significant deviations) the values of the binding energy (∆Gb) recorded in the AChE–OPs
complexes. However, the mutations analyzed in AChE are associated with a structural modification
that causes an inadequate interaction to complete the phosphorylation of the enzyme.

Keywords: acetylcholinesterase; resistance; organophosphorus; pesticides; molecular modeling;
lepidopterous; insects

1. Introduction

A great diversity of organisms belonging to the order Lepidoptera is of great economic
interest. As a study model, nine structures of Lepidoptera acetylcholinesterase (AChE) were treated:
Bombyx mandarina, Bombyx mori, Chilo auricilius, Chilo suppressalis, Cydia pomonella, Helicoverpa armígera,
Plutella xylostella, Spodoptera frugiperda, and Spodoptera litura. The mulberry silkworm, B. mori, is a
Lepidopteran insect of great economic importance because of its use in natural silk fiber production
and because it is a valuable insect model that has greatly enhanced our understanding of the biology

149



Int. J. Mol. Sci. 2019, 20, 2404

of insects, including many agricultural pests. This insect is also often used for the production of
recombinant eukaryotic proteins or as a model organism for pest control studies. The life cycle of
the mulberry silkworm is well described; its genome was sequenced in 2004 [1]. B. mandarina Moore
(Lepidoptera: Bombycidae) is an endangered wild Indian mulberry silkworm species [2]. The striped
rice stem borer, C. suppressalis, is one of the most important rice pests in East Asia, India, and Indonesia.
The main host plant of C. suppressalis is rice, maize, and many wild hosts [3]. The cotton bollworm,
H. armigera, causes serious losses, in particular to cotton, tomatoes, and maize. The most important
crop hosts, in which H. armigera is a major pest, are cotton, pigeonpea, chickpea, tomato, sorghum,
and cowpea; other hosts include groundnut, okra, peas, field beans (Lablab spp.), soybeans, lucerne,
Phaseolus spp., other Leguminosae, tobacco, potatoes, maize, flax, a number of fruits (Prunus, Citrus),
forest trees, and a range of vegetable crops [4]. The resistance to pyrethroids in H. armigera can be
conferred through three separate mechanisms: Detoxification by mixed function oxidases (metabolic
resistance), nerve insensitivity, and delayed penetration [5]. The diamondback moth (DBM) in Mexico,
P. xylostella, is one of the most studied insect pests in the world, yet it is among the ‘leaders’ of the
most difficult pests to control. The DBM is a highly invasive species and it has shown resistance to
almost every insecticide. The natural host plant range of the DBM is limited to Brassicaceae (also called
Cruciferae), which is characterized by having glucosinolates, which are sulfur-containing secondary
plant compounds. Cruciferous vegetables (such as cauliflower, cabbage, garden cress, bok choy,
broccoli, and similar green leaf vegetables) are crop species that are cultivated for food production,
and their weeds serve as alternate hosts. Some populations of DBM have also been found to infest
non-cruciferous plants [6]. The tobacco caterpillar, S. litura, is one of the most important insect pests of
agricultural crops in the Asian and African tropics. Among the main crop species attacked by S. litura
in the tropics are Colocasia esculenta, cotton, flax, groundnuts, jute, lucerne, maize, rice, soybeans,
tea, tobacco, and vegetables (aubergines, Brassica, Capsicum, cucurbit vegetables, Phaseolus, potatoes,
sweet potatoes, and species of Vigna). Other hosts include ornamentals, wild plants, weeds, and
shade trees [7]. S. litura have developed resistance to many commercially available pesticides, such as
profenofos [8].

In order to have sustainable agriculture and improve public health, effective and appropriate
pesticide management is necessary. Every year significant economic losses are reported, mainly because
of damage to agricultural, forestry, and livestock production, caused by the persistence of insect pests;
this fact makes adequate control of pests necessary. In this context, the scientific community continues
a joint multidisciplinary effort to elucidate the mechanisms of resistance developed by pest organisms.
One relevant contribution by Guo et al. (2017) is the development of a computational pipeline that
uses AChE to detect resistance mutations of AChE in insect RNA-Sequencing data that facilitates the
full use of large-scale genetic data obtained by next-generation sequencing [9]. A recent study by
Brevik et al. (2018) reported that the median duration between the introduction of an insecticide and
the first report of resistance was 66 generations (95% CI 60–78 generations) [10].

The prevalence of resistant insects is influenced by different factors that can be grouped into three
categories: (1) Biological factors, such as generation time, number of offspring per generation, and
migration; (2) genetic factors that include the frequency and dominance of the resistance gene, fitness
of the resistance genotype, and the number of different resistance alleles; and (3) operational factors in
which man intervenes, such as treatment, persistence, and insecticide chemistry, allusive to timing and
dosage of insecticide application [11].

The term resistance to insecticides refers to a hereditary change in the sensitivity of a pest
population that is reflected in recurrent failure to perform its insecticidal action, generating inadequate
pest control [11–13]. There are several ways insects can become resistant: Behavioral resistance
(resistant insects may detect or recognize a danger and avoid the toxin; they simply stop feeding),
penetration resistance (resistant insects may absorb the toxin more slowly than susceptible insects),
metabolic resistance (resistant insects may detoxify or destroy the toxin faster than susceptible insects),
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and altered target-site resistance (the toxin binding site becomes modified to reduce the insecticide’s
effects); often, more than one of these mechanisms occurs at the same time [11].

According to the mechanisms of action of pesticides, more than 25 types of resistance
have been identified and at least 55 types of chemical species [12,13]. One main group is
acetylcholinesterase (AChE) inhibitors, which are divided into two subgroups, cataloged as carbamates
and organophosphates; both affect the nervous system. AChE is a hydrolytic enzyme that acts on
acetylcholine (ACh)—its natural substrate, a neurotransmitter—generating choline and acetic acid.
In the presence of organophosphorus (OPs) pesticides, AChE is phosphorylated and, as a consequence,
is inhibited [14,15].

The inhibition process involves several stages, outlined in Figure 1. The first is the affinity of
OPs for AChE, which determines the reversible inhibition of the enzyme (described by the affinity
constant, Ka = k+1/k−1) [14]. The second is the phosphorylation constant (known as k+2 or kp), which
governs the rate of formation of the stable covalent bond, causing permanent inhibition of the enzyme
and the release of a leaving group (BH, Figure 1) [16]. The third is a hydrolysis reaction considered
in homologous kinetic systems and widely studied in lines of research concerning self-reactivating
cholinesterases [14,15]. The fourth process is known as the aging of phosphorylation [17,18]. It consists
of the hydrolysis of one of the alkyl residues of the phosphate group bound to the active site, giving rise
to a very stable complex, characterized by an acid group in the phosphoric center. The irreversibility
of the reaction is established by the magnitude of the constant k+4 [18,19]. Regarding the ideal
characteristics that a good OP pesticide must meet, at least four kinetic criteria are established in
order to provide an optimal pesticide activity as well as safety for mammals: (1) Ka (pest) < Ka

(mammals), (2) K+2 (pest) > K+2 (mammals), (3) K+3 (pest) < K+3 (mammals), and (4) K+4 (pest) > K+4

(mammals) [15].
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Figure 1. General scheme of the inhibition of acetylcholinesterase (AChE) by an organophosphorus
(OP) inhibitor. Where AChEH is the free enzyme; AB, the OP molecule; AChEA’, the dealkylated form
of the phosphorylated enzyme (AChEH) [14,15].

The main interest of the research work is performed in an in silico study of the resistance to
organophosphorus (OPs) pesticides associated with point mutations in AChE of Lepidoptera, using
computational tools to elucidate the structural basis of the mechanism of resistance. The study
considers the two forms of AChE present in Lepidoptera, known as form 1 acetylcholinesterase
(AChE-1) and form 2 acetylcholinesterase (AChE-2), which present about 40% sequence identity. The
OPs molecules evaluated include compounds identified in cases of resistance of Lepidoptera to OP
insecticide, consulted in the Arthropod Pesticide Resistance Database (APRD) [20], as well as the
database of the Insecticide Resistance Action Committee (IRAC) [21].

The study also includes two non-OPs molecules, acetylcholine (ACh)—a natural substrate of
AChE—and a non-OP pesticide, psoralen. Psoralen is a naturally occurring furocoumarin, found
in Psoralea, which is a genus in the legume family (Fabaceae). Psoralea corylifolia is an important
medicinal plant that is used and widely studied in several traditional medicines to cure various diseases
(e.g., anti-carcinogenic activity, anti-depressant activity, skin related problem/leukoderma, Alzheimer’s
disease) [22,23].
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2. Results

2.1. Computational Protocol

The implemented computational protocol consisted of three stages: (a) Modeling by homology
using the SWISS-MODEL program [24,25], (b) point mutations performed with the FoldX
program [26,27], and (c) molecular docking using Autodock 4.2 [28]. The AChE molecular models, as
well as the respective modified models, were constructed satisfactorily (see details about results for
Homology Modeling in Table A1, Appendix A). The quality of the models built by homology modeling
was analyzed using the multiple 3D alignment option provided by the PDBeFold service (summary
showed in Table 1) [29]. In this 3D alignment analysis, the structures that were used as templates for
constructed models were used as a reference, PDB 5YDJ (AChE of Anopheles gambiae) and 1DX4 (AChE
of Drosophila melanogaster) for AChE-1 and AChE-2 enzymes, respectively.

Table 1. Alignment results (performed with PDBeFOLD web server [29]). Nres, number of aligned
residues; %SI, % Sequence Identity; root-mean-square deviation (RMSD); quality of alignment (Qscore),
with 1 being the highest score.

Model
AChE-1 AChE-2

Nres %SI RMSD Qscore Nres %SI RMSD Qscore

B. mandarina 539 71.8 0.4837 0.935 551 62.9 0.3079 0.808
B. mori 539 72.0 0.4837 0.935 551 62.9 0.3079 0.808

C. auricilius 540 71.0 0.3956 0.941 548 63.1 0.3553 0.810
C. suppressalis 540 71.0 0.4593 0.936 493 62.7 0.5486 0.883
C. pomonella 551 44.1 1.3909 0.772 540 40.4 1.4337 0.678
H. armígera 540 72.0 0.3577 0.944 551 63.1 0.3514 0.806
P. xylostella 541 71.6 0.3695 0.942 551 63.3 0.3626 0.805

S. litura 540 72.0 0.3354 0.946 551 63.3 0.3784 0.804

2.2. Molecular Docking of OPs on AChE Enzymes

All the predicted ∆Gb from the docking of 43 OPs molecules (in addition to acetylcholine and
psoralen molecules) on AChE enzymes of Lepidoptera (B. mandarina, B. mori, C. auricilius, C. suppressalis,
C. pomonella, H. armígera, P. xylostella, and S. litura) are presented in three sections: (1) AChE-1 and
AChE-2, both wild type, (2) modified AChE-1, and (3) modified AChE-2. In order to carry out an
analysis of results, all the predicted ∆Gb are presented graphically (Figures 2–4, respectively); the
molecules evaluated are plotted against the estimated free binding energy (predicted ∆Gb) obtained.
In each section, the order of the molecules is presented according to the predicted ∆Gb recorded in
B. mori (e.g., Figures 2a, 3a and 4a).

2.3. Docking of OPs Molecules on AChE-1 and AChE-2 (Wild Type)

Three global assessments of AChE wild type docking results are as follows: (1) The natural
substrate molecule, acetylcholine (ACh) records values of −5.3 < ∆Gb < −4.30 Kcal/mol in complex
with AChE-1, and in complex with AChE-2 −5.85 < ∆Gb < −4.43 Kcal/mol. (2) Psoralen (non-OP
molecule) records a narrow range of ∆Gb values −6.94 < ∆Gb < −6.23 Kcal/mol, in complex with
both AChE enzymes. (3) In the evaluation of the AChE enzymes (AChE-1 and AChE-2 wild type)
by docking of OP (shown in Figure 2a–h), 33 OPs were identified that registered ∆Gb

acetylcholine >

∆Gb
OPs, lower ∆Gb values with respect to the ∆Gb value recorded for ACh. These molecules were

leptophos (32c), cyanofenphos (28c), tetrachlorvinphos (39c), phosalone (14c), chlorfenvinphos (42c),
profenofos (37c), dialifos (29c), bromophos-ethyl (27c), isoxathion (31c), prothiofos (36c), O-ethyl
O-(4-nitrophenyl) phenylphosphonothioate known as EPN (21c), azinphos-methyl (3c), phoxim 43c),
sulprofos (38c), diazinon (5c), chlorpyrifos (4c), pirimiphos-methyl (34c), bromophos (23c), quinalphos
(30c), phosmet (17c), triazophos (35c), ronnel (16c), carbophenothion-methyl (20c), phenthoate (22c),
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chlorpyrifos-methyl (26c), mephosfolan (18c), cyanophos (25c), parathion (1c), ethion (9c), fenitrothion
(33c), dioxabenzofos (24c), methidathion (19c), and malathion (10c). Then 10 OPs were identified that
register ∆Gb

acetylcholine ≤ ∆Gb
Ops, that is, to register a binding energy with a magnitude equal to or

greater than the natural substrate: These OPs were parathion-methyl (12c), disulfoton (8c), dicrotophos
(41c), naled (13c), dimethoate (7c), trichlorfon (15c), mevinphos (40c), methamidophos (11c), dichlorvos
(6c), and acephate (2c). In Figure 3, only the predicted ∆Gb results of ACh, psoralen, and the 10 OPs
(molecules: 2c, 6c, 7c, 8c, 11c, 12c, 13c, 15c, 40c, and 41c) with the highest recorded predicted ∆Gb

are shown.
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Figure 2. Molecular docking results of AChEs (AChE-1 and AChE-2, both wild type) in complex with
molecules. AChE of the following organisms: B. mori (a), B. mandarina (b), C. auricilius (c), C. pomonella (d),
C. suppressalis (e), H. armígera (f), P. xylostella (g), and S. litura (h). The molecules evaluated are the
following: 1, acetylcholine; 2, psoralen; the OPs molecules: 3, leptophos (32c); 4, cyanofenphos (28c); 5,
tetrachlorvinphos (39c); 6, phosalone (14c); 7, chlorfenvinphos (42c); 8, profenofos (37c); 9, dialifos (29c);
10, bromophos-ethyl (27c); 11, isoxathion (31c); 12, prothiofos (36c); 13, EPN (21c); 14, azinphos-methyl
(3c); 15, phoxim (43c); 16, sulprofos (38c); 17, diazinon (5c); 18, chlorpyrifos (4c); 19, pirimiphos-methyl
(34c); 20, bromophos (23c); 21, quinalphos (30c); 22, phosmet (17c); 23, triazophos (35c); 24, ronnel (16c);
25, carbophenothion-methyl (20c); 26, phenthoate (22c); 27, chlorpyrifos-methyl (26c); 28, mephosfolan
(18c); 29, cyanophos (25c); 30, parathion (1c); 31, ethion (9c); 32, fenitrothion (33c); 33, dioxabenzofos
(24c); 34, methidathion (19c); 35, malathion (10c); 36, parathion-methyl (12c); 37, disulfoton (8c); 38,
dicrotophos (41c); 39, naled (13c); 40, dimethoate (7c); 41, trichlorfon (15c); 42, mevinphos (40c); 43,
methamidophos (11c); 44, dichlorvos (6c); and 45, acephate (2c). ∆Gb, the estimated energy of binding.
Continuous line shows the energy threshold recorded in AChE-1wild type-ACh complex. Dotted line
shows the energy threshold in AChE-2wild type-ACh complex. Docking was performed using the
AutoDock4.2 program.
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Figure 3. Predicted ∆Gb results of the low inhibition score of OPs molecules in AChE-1 (a) and
AChE-2 (b), both wild type. ∆Gb, estimated free energy of binding; molecules: 1, acetylcholine;
2, psoralen; 3, chlorpyrifos-methyl; 4, disulfoton; 5, dicrotophos; 6, naled; 7, dimethoate; 8, trichlorfon;
9, mevinphos; 10, methamidophos; 11, dichlorvos; and 12, acephate.

2.4. Docking of OPs Molecules on Modified AChE-1

Predicted ∆Gb results of the AChE-1 wild type and modified AChE-1 enzymes are shown in
Figure 4a–g. A global assessment is that 33 OPs in complex with modified AChE-1 (molecules: 1c,
3c, 4c, 5c, 9c, 10c, 14c, 16c, 17c, 18c, 19c, 20c, 21c, 22c, 23c, 24c, 25c, 26c, 27c, 28c, 29c, 30c, 31c, 32c,
33c, 34c, 35c, 36c, 37c, 38c, 39c, 42c, and 43c) register ∆Gb values below the threshold registered
for AChE-1 in complex with acetylcholine (i.e., ∆Gb of AChE-1 wild type-ACh complex > ∆Gb of
modified AChE-1-OP complex) this is ∆Gb

acetylcholine > ∆Gb
OPs. In Figure 4h, only the results of

ACh, psoralen, and the 10 OPs (molecules: 2c, 6c, 7c, 8c, 11c, 12c, 13c, 15c, 40c, and 41c) with the
highest recorded predicted ∆Gb are shown, which is a lower inhibition score recorded (∆Gb

acetylcholine

≤ ∆Gb
Ops). Docking results of the 11c molecule, methamidophos, recorded a ∆Gb

ACh < ∆Gb
11c in

the AChE-1 (both wild type and modified) on the seven evaluated organisms. In the AChE-1 (both
wild type and modified) of P. liture and P. xylostella, nine OPs molecules (molecules: 2c, 6c, 7c, 8c, 12c,
13c, 15c, 40c, and 41c) presented a similar trend ∆Gb

Ach > ∆Gb
OPs. But in AChE-1 of B. mandarina

and C. auricilius, these nine OPs molecules presented ∆Gb
ACh < ∆Gb

OPs. To identify the non-covalent
interactions between the AChE-1 enzymes of P. xylostella and their ligands, the respective molecular
models (presented in Figure 4) were analyzed with PLIP (Protein-Ligand Interaction Profiler) [30]; data
shown in Figure 5.

2.5. Docking of OPs Molecules on Modified AChE-2

Docking results of the molecules evaluated on AChE-2 (wild type and modified) showed some
appreciable variations in the magnitude of ∆Gb registered among the enzymes of the 8 evaluated
organisms (see Figure 6). The global assessment is (1) that 29 OPs were identified that register
∆Gb

ach < ∆Gb
OPs (molecules: 1c, 3c, 4c, 5c, 14c, 16c, 17c, 20c, 21c, 22c, 23c, 24c, 25c, 26c, 27c, 28c, 29c,

30c, 31c, 32c, 33c, 34c, 35c, 36c, 37c, 38c, 39c, 42c, and 43c) (see Figure 6a–h), (2) that six OPs were
identified that register ∆Gb

ACh > ∆Gb
OPs (2c, acephate, 6c, dichlorvos, 7c, dimethoate, 8c, disulfoton,

11c, methamidophos, and 15c, trichlorfon, except for AChE-2 that were only 2c, 11c, and 15c), and (3) the
another 8 compounds (9c, ethion, 10c, malathion, 12c, parathion-methyl, 13c, naled, 18c, mephosfolan„
19c, methidathion, 40c, mevinphos, and 41c, dicrotophos) registered a different magnitude in the AChE
enzymes evaluated. Predicted ∆Gb results of the AChE-2 wild type and modified AChE-2 enzymes are
shown in Figure 6a–h.
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35, 24c; 36, 12c, parathion-methyl; 37, 8c, disulfoton; 38, 13c, naled; 39, 41c, dicrotophos; 40, 15c, 
trichlorfon; 41, 40c, mevinphos; 42, 7c, dimethoate; 43, 2c, acephate; 44, 6c, dichlorvos; and 45, 11c, 
methamidophos. In a–g, a continuous line shows the energy threshold recorded in the AChE-1wild type-
ACh complex and a dotted line shows the energy threshold in the AChE-1modified-ACh complex. (h) 
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Figure 4. Predicted ∆Gb results of OPs molecules in AChE-1 (Wt, wild type, full circles in a–g, and,
*, modified, empty circles in a–g). ∆Gb, estimated free energy of binding; point mutations on AChE-1:
A201S, G227A, and L452S to B. mori (a) and to B. mandarina (b); A201S to C. auricilius (c) and to
C. suppressalis (e); F290V to C. pomonella (d); A201S, G227A, and F290A to P. xylostella (f) and S. litura (g);
A201S and G227A to P. xylostella * (f); **, evaluated in AChE-1 wild type. The molecules evaluated are
the following: 1, acetylcholine; 2, psoralen; the OPs molecules: 3, 32c; 4, 39c; 5, 28c; 6, 42c; 7, 14c; 8, 29c;
9, 37c; 10, 27c; 11, 21c; 12, 31c; 13, 36c; 14, 43c; 15, 3c; 16, 35c; 17, 4c; 18, 5c; 19, 23c; 20, 30c; 21, 34c; 22,
38c; 23, 17c; 24, 16c; 25, 20c; 26, 22c; 27, 26c; 28, 18c; 29, 25c; 30, 33c; 31, 1c; 32, 9c; 33, 10c; 34, 19c; 35, 24c;
36, 12c, parathion-methyl; 37, 8c, disulfoton; 38, 13c, naled; 39, 41c, dicrotophos; 40, 15c, trichlorfon; 41,
40c, mevinphos; 42, 7c, dimethoate; 43, 2c, acephate; 44, 6c, dichlorvos; and 45, 11c, methamidophos.
In a–g, a continuous line shows the energy threshold recorded in the AChE-1wild type-ACh complex
and a dotted line shows the energy threshold in the AChE-1modified-ACh complex. (h) Results of the
ten OPs with lower inhibition score recorded (∆Gb

acetylcholine < ∆Gb
OPs) in a–g: These OPs molecules

are 2c, 6c, 7c, 8c, 11c, 12c, 13c, 15c, 40c, and 41c. ∆Gb, the estimated energy of binding. Docking was
performed using the AutoDock4.2 program.
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noncovalent interactions; (A) hydrogen bonds, (B) hydrophobic interactions and salt bridges. Full 
symbol, AChE-1 wild type; empty symbol, modified AChE-1 by A201S and G227A; half full symbol, 
modified AChE-1 by A201S, G227A, and F290A. 
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Figure 5. PLIP (Protein-Ligand Interaction Profiler) results in AChE-1 of P. xylostella. Identification
of noncovalent interactions; (A) hydrogen bonds, (B) hydrophobic interactions and salt bridges. Full
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Figure 6. Molecular docking results of AChEs (AChE-2 wild type and AChE-2 modified) in complex
with molecules. AChE-2 (wt, wild type enzyme) of the following organisms: B. mori (a), B. mandarina (b),
C. auricilius (c), C. pomonella (d), C. suppressalis (e), H. armígera (f), P. xylostella (g), and S. litura (h).
The point mutations on AChE-2 are indicated in box, respectively. The molecules evaluated are the
following: 1, acetylcholine; 2, psoralen; the OPs: 3, 32c; 4, 21c; 5, 28c; 6, 39c; 7, 31c; 8, 29c; 9, 14c; 10, 43c;
11, 42c; 12, 5c; 13, 27c; 14, 3c; 15, 22c; 16, 37c; 17, 35c; 18, 36c; 19, 4c; 20, 34c; 21, 38c; 22, 30c; 23, 23c; 24,
17c; 25, 16c; 26, 20c; 27, 26c; 28, 1c; 29, 25c; 30, 33c; 31, 24c; 32, 10c, malathion; 33, 18c, mephosfolan;
34, 9c, ethion; 35, 12c, parathion-methyl; 36, 41c, dicrotophos; 37, 13c, naled; 38, 19c, methidathion;
39, 40c, mevinphos; 40, 8c, disulfoton; 41, 7c, dimethoate; 42, 6c, dichlorvos; 43, 2c, acephate; 44, 15c,
trichlorfon; and 45, 11c, methamidophos. ∆Gb, the estimated energy of binding. A continuous line
shows the energy threshold recorded in AChE-2wild type-ACh complex. Docking was performed using
the AutoDock4.2 program.

3. Discussion

3.1. Construction of Molecular Models

The molecular models of the respective AChE enzymes are reliable. In the evaluation of their
quality, they register acceptable scores both in their construction (Table A1, Appendix A) and in the
3D alignment, with respect to the reference crystallographic structure (Table 1). The certainty of the
structural predictions is based on the quality of the molecular models (e.g., root-mean-square deviation
(RMSD) and quality of alignment (Qscore)). In our study, the constructed models are reliable and
reproduce the experimental reference evidence.

3.2. Docking Results of Acetylcholine Evaluations on AChE

The docking results of the AChE–ACh complex, obtained in the evaluation of AChE-1, form 1 of
AChE, and AChE-2, form 2 of AChE (both wild type and modified enzymes), are highlighted below.
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(A) AChE-1 and AChE-2 (both wild type enzymes), the energy threshold registered for ACh
shows a difference in magnitude between ∆Gb

AChE-1 wild type and ∆Gb
AChE-2 wild type (see Figure 6),

the exception is AChE of B. mandarina (Figure 2b) (the energies recorded to AChE-2-ACh complexes
were equal in magnitude, ∆Gb

AChE-1 wild type = ∆Gb
AChE-2 wild type). The result obtained in AChE of

B. mandarina suggests that there is no difference in the affinity of AChEs (∆Gb
AChE-2 wild type and

∆Gb
AChE-2 wild type) for the substrate. Whereas, in the other systems, a difference in affinity between

AChE and ACh is predicted, which could be confirmed by catalytic activity studies of the enzymes.
(B) AChE-1wild type and AChE-1modified, as seen in Figure 4, six studied systems (B. mori—Figure 4a,

B. mandarina—Figure 4b, C. auricilius—Figure 4c, C. suppressalis—Figure 4e, P. xylostella—Figure 4f,
and S. litura—Figure 4g) showed that no difference or significant deviations was observed between
the energy threshold registered for ACh in ∆Gb

AChE-1 wild type and ∆Gb
AChE-1 modified. Only AChE-1

of C. pomonella (Figure 4d) in complex with ACh recorded an absolute relative energy value near to
0.7 Kcal/mol. This is a ∆Gb

AChE-1 modified greater than the ∆Gb
AChE-1 wild type. This result suggests a

decrease in affinity for the substrate ace. For the other AChE-1–ACh complexes analyzed, there was no
variation between the two enzymes (AChE-1wild type and AChE-1modified). This result suggests that the
mutations evaluated in AChE-1 do not affect the affinity of ace.

(C) AChE-2wild type and AChE-2modified, all evaluations of ACh in AChE-2 did not record a
variation between ∆Gb

AChE wild type and ∆Gb
AChE modified; the energy thresholds of ACh in AChE-2

evaluations do not register a variation (Figure 6).

3.3. Docking Results of Psoralen Evaluations on AChE

The docking results of the AChE–psoralen complex recorded a score −6.8 Kcal/mol < ∆Gb <

−6.0 Kcal/mol. This result was consistent in all the docking evaluations on AChE (AChE-1 and AChE-2,
both wild type and modified with slight variations (see Figure 2a–h, Figures 4a–g and 6a–h)). The
results obtained suggest that the specific modifications made to AChE do not affect the recorded energy.
Results presented in Figure 5 supports this assertion; the profile of interactions recorded in the AChE-1
of P. xylostella in complex with psoralen shows the presence of hydrogen bonds (recorded in residue
Y426) and hydrophobic interactions (recorded in residue W182), present in both AChE-1wild type and
AChE-1modified. The results of the energy predictions of the enzyme AChE of Lepidoptera in the study
of psoralen are promising for an in vitro study, mainly for two reasons: The first is its characteristic
of being a natural molecule (no-OP) with inhibitory activity to AChE, and the second, is the scores
psoralen obtained in the binding to AChE register a ∆Gb < −6.0 Kcal/mol in complex with both AChE
enzymes (AChE-1 and AChE-2) of the Lepidoptera organisms studies here.

3.4. Resistance-Associate Mutation on AChE

A review of the cases of registered incidences of resistance of Lepidoptera exclusively to the
mechanism of action (MoA) of AChE inhibitors by OP (source: www.pesticideresistance.org, consulted
in 2018-August) resulted in the top nine resistant Lepidoptera species shown in Table 2. There is a
great consistency between the results presented in Figures 4 and 5 and the information contained
in Table 2. Eight OPs (chlorpyrifos-methyl (26c), disulfoton (8c), dicrotophos (41c), trichlorfon (15c),
mevinphos (40c), dimethoate (7c), acephate (2c), and dichlorvos (6c), in complex with AChE-1 wild
type of P. xylostella, presented a hydrogen bond between S297 and O3 from ligand (OP insecticide).
This interaction was very important in the effect of irreversible inhibition (Figure 1). In the respective
modified enzymes, this interaction is absent—AChE-1 was modified by A201S and G227A and by
A201S, G227A, and F290A. Predicted ∆Gb results of AChE enzymes in complex with OPs molecules
recorded an consistent energy values in the majority of the evaluations, reflected in the profile of the
graphics presented in Figure 2a–h, Figure 4a–g and Figure 6a–h, according to the chemical composition
of the OP molecule. However, the energy predictions between wild and modified enzymes (AChE-1
and AchE-2) do not show a relevant effect on the recorded magnitude; that is, the proposed mutations
do not give rise to an enzyme insensitivity. Molecular models of modified AChE (with point mutations)
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provide information on predicted ∆Gb, in addition to the possible conformation of the interaction
mode. Docking results also showed a different location of the binding site of OPs on the enzyme, as a
consequence of a change in the electronic atmosphere caused by the point mutation (e.g., acephate (2c)
in complex with AChE-1 of P. xylostella, Figure 7).

Table 2. Top nine Lepidoptera organisms involved in resistance to OPs. £ Studied in this work * Period
of 2010–2016 [20].

Genus Species # Cases: OPs Insecticide

Plutella xylostella £ 862 279 *
1c, 2c*, 4c*, 5c, 6c, 7c, 10c, 11c, 12c, 13c, 15c, 18c,
19c, 21c, 22c, 24c, 26c, 28c, 28c, 29c, 30c, 31c, 32c,

33c, 34c, 35c, 36c, 37c, 40c*, and 43c
Helicoverpa armígera £ 856 129 * 3c, 4c*, 10c, 12c, 30c, 31c, 37c*, and 43c

Spodoptera litura £ 644 251 * 4c*, 5c, 6c, 10c, 15c, 30c, 35c, 37c*, 42c, and 43c*
Spodoptera exigua 525 303 * 4c*, 12c, 30c, and 37c*
Cydia pomonella £ 193 46 * 1c, 3c*, 4c*, 12c*, and 17c

Chilo suppressalis £ 148 79 * 1c, 4c, 5c, 11c, 15c, 21c, 33c, and 35c
Earias vittella 128 32 * 4c, 35c, and 37c

Spodoptera frugiperda £ 125 57 * 2c*, 4c, 5c, 6c, 10c, 12c,15c, and 38c
Heliothis virescens 120 — 1c, 12c, 16c, 17c, 27c, and 38c
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Figure 7. Graphical representation of the acephate binding on AChE-1 of P. xylostella. Spatial localization
of acephate structure on the AChE-1 enzyme as a result of docking is shown in three molecular models:
Conformation acquired on AChE-1 wild type, acephate is chain in red (a), conformation acquired on
modified AChE-1 (A201S and G227A, and -A201S, G227A, and F290A, respectively), the acephate is
chain in green and magenta (b and c, respectively). The main interactions are shown in Figure 5. The
location of SER297 is shown, which is an important residue for the effect of enzyme phosphorylation.
HIS537 in AChE-1 of P. xilostella is stabilized by GLU296 and GLU423. The pKa values of ionizable
residues could be predicted with PROPKA [31].

The contributions of the present study about modified AChE-2 of Lepidoptera in complex with
OP are mainly two: (1) Docking results give a configuration of the most probable spatial orientation
of two interacting molecules (AChE enzyme and OP pesticide), and (2) a predicted ∆Gb. Regarding
the predicted ∆Gb results obtained from the evaluations in wild type and modified AChE-2, the
results are not conclusive, regarding the effect of the proposed mutations in the direction of generating
insensitivity of the enzyme. Only small variations were obtained in the magnitude of the predicted
energy, which could be due to the variation of the estimate.
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4. Materials and Methods

4.1. Homology Modeling

The AChE sequences (form 1 known as AChE-1 and form 2 known as AChE-2) of the nine
lepidopterous organisms were retrieved from GenBank of the National Centre for Biotechnology
Information [32]. The accession numbers of AChE-1 and AChE-2 were the following: EU262633.2
and EU262632.2 of B. mandarina; NM_001043915.1 and NM_001114641.1 of B. mori; KF574430.1 and
KF574431.1 of C. auricilius; EF453724.1 and EF470245.1 of C. suppressalis; DQ267977.1 and DQ267976.1
of C. pomonella; JF894118.1 and JF894119.1 of H. armigera; JQ085429.1 and AY061975.1 of P. xylostella;
AQQ79918.1 and AQQ79919.1 of S. litura; and AGK44160.1 (AChE-1) of S. frugiperda. Therefore,
the molecular models of AChEs were constructed by homology using the SWISS-MODEL program,
operating in the search-templates mode, followed by a user-template mode [22,25]. The PDB structures
of AChE that recorded the best score (Appendix A) were selected to be used as templates.

4.2. Point Mutations on the AChE Structures

Once the 3D models of the wild type AChE enzyme were constructed, we proceeded to perform
point mutations, previously described as possibly responsible for diverse resistance to carbamates and
organophosphorus compounds in many insect species [33]. The AChE-2 structures of B. mandarina,
B. mori, C. auricilius, C. suppressalis, C. pomonella, H. armígera, P. xylostella, and S. litura were modified
in eight residues considered the most important mutations in Diptera organisms [9,34,35] (F78S,
L(V)129V/T, V150L, A201S, G227A, F290Y, G328A, and G396S, A(K, S)484R corresponding AChE
numbering of T. californica) with the FoldX program, using the FoldX Tool BuildModel [26,27].
In addition, molecular models of AChE-1 were generated to construct the modified enzyme by
resistance-associated mutations in lepidopterous organisms [9]: A201S, G227A and L452S to B. mandarina
and to B. mori; A201S to C. auricilius; A201S to C. suppressalis; F290V to C. pomonella; A201S, G227A and
F290A to P. xylostella and S. litura, corresponding to the AChE numbering of T. californica; in Figure 8,
a 3D representation is presented.
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(azinphos-methyl, 3c), CID2730 (chlorpyrifos, 4c), CID3017 (diazinon, 5c), CID3039 (dichlorvos, 6c), 
CID3082 (dimethoate, 7c), CID3118 (disulfoton, 8c), CID3286 (ethion, 9c), CID4004 (malathion, 10c), 
CID4096 (methamidophos, 11c), CID4130 (parathion-methyl, 12c), CID4420 (naled, 13c), CID4793 

Figure 8. 3D atomic model of AChE, numbering of T. californica. (A). Location of waste susceptible to
proposed point mutations. (B) Proximity of catalytic triad (Ser200, Hys440, and Glu327).

4.3. Ligands Used in Docking

All OPs molecules were obtained from the PubChem database [36,37]. The identification
codes (CID) of the compounds were the following: CID991 (parathion, 1c), CID1982 (acephate,
2c), CID2268 (azinphos-methyl, 3c), CID2730 (chlorpyrifos, 4c), CID3017 (diazinon, 5c), CID3039
(dichlorvos, 6c), CID3082 (dimethoate, 7c), CID3118 (disulfoton, 8c), CID3286 (ethion, 9c), CID4004
(malathion, 10c), CID4096 (methamidophos, 11c), CID4130 (parathion-methyl, 12c), CID4420 (naled,
13c), CID4793 (phosalone, 14c), CID5853 (trichlorfon, 15c), CID9298 (ronnel, 16c), CID12901 (phosmet,
17c), CID13707 (mephosfolan, 18c), CID13709 (methidathion, 19c), CID13721 (carbophenothion-methyl,
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20c), CID16421 (EPN, 21c), CID17435 (phenthoate, 22c), CID16422 (bromophos, 23c), CID19657
(dioxabenzofos, 24c), CID17522 (cyanophos, 25c), CID21803 (chlorpyrifos-methyl, 26c), CID20965
(bromophos-ethyl, 27c), CID25669 (cyanofenphos, 28c), CID25146 (dialifos, 29c), CID26124 (quinalphos,
30c), CID29307 (isoxathion, 31c), CID30709 (leptophos, 32c), CID31200 (fenitrothion, 33c), CID34526
(pirimiphos-methyl, 34c), CID32184 (triazophos, 35c), CID36870 (prothiofos, 36c), CID38779 (profenofos,
37c), CID37125 (sulprofos, 38c), CID5284462 (tetrachlorvinphos, 39c), CID5355863 (mevinphos, 40c),
CID5371560 (dicrotophos, 41c), CID5377784 (chlorfenvinphos, 42c), and CID9570290 (phoxim, 43c).
In addition, the natural substrate molecule CID187 (acetylcholine (ACh)) and a non-OPs pesticide
(CID6199, psoralen) were included as a control in docking evaluations.

4.4. Verification of Computational Methodology

The computational methodology was verified by comparing our results of the binding energy
(∆Gb) predicted with the docking results reported previously (see Appendix B) by Somani et al. (2015)
to AChE of humans in complex with psoralen (PDB 1EVE was used) [22] and Ranjan et al. (2018) to
AChE of humans in complex with several ligands (PDB 3LII was used) [38]; phosalone (CID6199),
dimefox (CID8264), dichlorvos (CID5371560), phoxim ethyl phosphonate (CID6507160), heptenophos
(CID62773), and methamidophos (CID4096). These molecules were obtained from the PubChem
database [36,37]. The docking evaluation was carried out as described in the molecular docking section.

4.5. Molecular Docking of Ligands Targeting AChE Enzymes

In order to perform the molecular docking, all the molecular models of the AChE (wild type and
modified by point mutations) were prepared in the UCSF Chimera program using the tool dockPrep
with standard protocol [39] and saved in PDBQT format, and all ligands were saved in the mol2 format,
according to the standard protocol. For each protein structure (AChE-1 and AChE-2) a GridBox was
built with a dimension of X = 18.8 Å, Y = 18.8 Å and Z = 18.8 Å, using the MGTool program [28]. The
coordinates of the center of the GridBox used were X1 = −59.62, Y1 = 58.834, and Z1 = 16.476. The
docking was performed using the AutoDock4.2 program [28], which was installed on a Linux Mint
17.3 operating system implemented with a 3.4 GHz Intel Core i7 processor and 23.5 GB RAM. All
molecular models were analyzed with PLIP (Protein-Ligand Interaction Profiler) [30].

5. Conclusions

The Lepidoptera family has an important economic impact in the world. However, resistance
to insecticides is a very common problem in different countries. This resistance is mainly associated
with punctual mutations; therefore, a model that helps us know how this change affects the activity of
the insecticides is necessary to obtain or apply better control strategies. Based on the results in this
study, the proposed mutations are not associated with the presence of insensitivity to the enzyme.
However, the mutations evaluated in the AChE-1 and AChE-2 structures of enzymes do not affect in
any way (there is no regularity of change or significant deviations) the values of the binding energy
(∆Gb) recorded in the AChE-OPs complexes. Therefore, it is assumed that the proposed mutations
confer resistance due to an inadequate steric interaction that prevents a phosphorylation reaction of
the enzyme by the OP molecule and, therefore, is an irreversible inhibition.
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Abbreviations

AChE acetylcholinesterase
AChE-1wild type form 1 acetylcholinesterase, wild type, without mutations
AChE-1modified form 1 acetylcholinesterase, modified, with puntual mutations
AChE-2 wild type form 2 acetylcholinesterase, wild type, without mutations
AChE-2 modified form 2 acetylcholinesterase, modified, with puntual mutations
OP organophosphorus
∆Gb binding energy
RMSD root-mean-square deviation
Qscore quality of alignment

Appendix A

Results for the Homology Modeling and Multiple Alignment of AChE Enzymes

Once the sequences of AChE enzymes of Lepidoptera indicated in Section 4 were retrieved from The National
Center for Biotechnology Information [32], we proceeded to construct the molecular models by homology using
the SWISS-MODEL program (operating in search-templates mode, followed by user-template mode) [24,25]. The
best recorded score was 5YDJ (AChE of Anopheles gambiae) and 1DX4 (AChE of Drosophila melanogaster) for AChE-1
and AChE-2, respectively. Data sheets of the SWISS-MODEL homology modelling report is presented in Table A1.

Table A1. Model building report of AChE (AChE-1 and AChE-2, both wild type) of Lepidoptera
organisms [24,25].

AChE-1 Model Template SeqI GMQE QMEANZs SeqS Range/Covererage

B. mandarina 5YDJ 68.77 0.73 −1.64 0.52 103-642/0.83
B. mori 5YDJ 70.62 0.74 −1.60 0.53 103-642/0.80

C. auricilius 5YDJ 66.39 0.72 −1.70 0.51 114-653/0.88
C. suppressalis 5YDJ 67.46 0.71 −2.27 0.51 87-653/0.85
C. pomonella 5YDJ 66.99 0.72 −1.43 0.51 111-650/0.88
H. armígera 5YDJ 67.27 0.72 −1.45 0.51 115-654/0.87
P. xylostella 5YDJ 67.49 0.74 −1.47 0.51 98-638/0.90

S. litura 5YDJ 67.27 0.73 −1.42 0.51 114-653/0.88
AChE-2 Model Template SeqI GMQE QMEAN SeqS Range/Covererage

B. mandarina 1DX4 59.10 0.72 −2.38 0.49 53-603/0.87
B. mori 1DX4 60.18 0.74 −2.52 0.49 53-603/0.87

C. auricilius 1DX4 60.81 0.74 −2.51 0.50 53-600/0.86
C. suppressalis 1DX4 58.08 0.71 −3.00 0.48 53-542/0.84
C. pomonella 1DX4 60.72 0.74 −2.46 0.49 53-603/0.87
H. armígera 1DX4 60.36 0.73 −2.90 0.49 62-612/0.86
P. xylostella 1DX4 60.54 0.74 −2.67 0.49 53-603/0.87

S. litura 1DX4 60.54 0.74 −2.23 0.49 53-603/0.87

Sequence Identity (SeqI); Global Model Quality Estimation (GMQE); a comprehensive scoring function for model
quality assessment (QMEANZs); Sequence Similarity (SeqS).

The parameters recorded in the evaluation of built models refer to the structural aspects linked to the
template used. The Global Model Quality Estimation (GMQE) score is expressed in values of 0 to 1. Higher
numbers indicate higher reliability, reflecting the expected accuracy of a model built with that alignment and
template, as well as the coverage of the target. The comprehensive scoring function for model quality assessment
(QMEANZs) score provides an estimate of the model on a global scale. Values recorded around zero indicate
good agreement between the model structure and experimental structures of similar size, and score values of –4.0
or below indicate low quality models. The alignment of the sequences of the molecular models constructed are
presented in Figure A1 (AChE-1) and Figure A2 (AChE-2). Alignments were executed with the Crustal Omega
tool [40,41].
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Appendix B

Verification of Computational Methodology

The verification of computational methodology consisted of reproducing results of ∆Gb, previously reported
by Ranjan et al. 2018 [38], Somani et al. 2015 [22], Chaudhry et al. 2013 [42], and Sharma et al. 2011 [43] approaches
the interaction of OP with human AChE, where these authors use crystallographic structures to perform their
analyses. In order to detect the variability in reproducibility in energy prediction, we evaluated 28 OPs molecules
using our methodology (results not shown). We detected (performing 10 runs, in accordance with the docking
protocol for the Autodoc 4.2) program variations in the determination of ∆Gb of 0.5 Kcal/mol; this parameter was
obtained by analyzing the variation in the results of the evaluations of the 28 OPs.

The ∆Gb predictions obtained by docking with the purpose of comparing the computational protocol with
other computational methodology reporters, in which six molecules on human AChE (PDB: 1EVE) were evaluated,
provided results according to those previously reported [22,38] by other research groups (see Table A2). The
docking study performed by Somani et al. (2015) and Ranjan et al. (2018) was carried out using the standard glide
molecular docking protocol implemented within the Maestro molecular modeling suite by Schrodinger [22,38].
The results register a relative binding energy (∆∆Gb) with a value up to −1.42 Kcal/mol. Considering our variation
in the determination of ∆Gb (of 0.5 Kcal/mol), we suggest that the results are comparable.

Table A2. Data sheet of comparison of computational methodologies.

Ligands ∆Gb * ∆Gb ∆∆Gb

Psoralen −6.84 a −6.97 0.13
Dimefox −4.14 b −4.39 0.25

Dichlorvos −4.47 b −5.52 1.05
Phoxim ethyl phosphonate −6.25 b −7.33 1.08

Heptenophos −5.66 b −6.83 1.17
Methamidophos −5.87 b −4.45 −1.42

a, Somani et al., 2015 [22]; b, Ranjan et al. (2018) [38]; ∆Gb, predicted binding energy in Kcal/mol; *, previously
reported; ∆∆Gb = ∆Gb* − ∆Gb, relative binding energy.

References

1. Hanfu, H.; O’Brochta, D.A. Advanced technologies for genetically manipulating the silkworm Bombyx mori,
a model Lepidopteran insect. Proc. Biol. Sci. 2015, 282, 20150487.

2. Roychoudhury, N.; Mishra, R. Bombyx mandarina Moore (Lepidoptera: Bombycidae): An Endangered Wild
Indian Mulberry Silkworm Species. Tropical Forest Research Institute, Jabalpur, MP, India. Van Sangyan
2015, 2, 48–50.

3. Invasive Species Compendium, CAB International. C. suppressalis (Striped Rice Stem Borer). 2018. Available
online: https://www.cabi.org/ISC/datasheet/12855 (accessed on 1 June 2018).

4. Invasive Species Compendium, CAB International. H. armigera (Cotton Bollworm). 2018. Available online:
https://www.cabi.org/ISC/datasheet/26757 (accessed on 1 June 2018).

5. Forrester, N.; Cahill, M.; Bird, L.; Layland, J. Management of pyrethroid and endosulfan resistance
in Helicoverpa armigera (Lepidoptera: Noctuidae) in Australia. Pyrethroid resistance: Field resistance
mechanisms. Bull. Entomol. Res. 1993, 1, 132.

6. Invasive Species Compendium, CAB International. P. xylostella (Diamondback Moth). 2018. Available online:
https://www.cabi.org/ISC/datasheet/42318 (accessed on 1 June 2018).

7. Invasive Species Compendium, CAB International. S. litura (Taro Caterpillar). 2018. Available online:
https://www.cabi.org/ISC/datasheet/44520 (accessed on 1 June 2018).

8. Abbas, N.; Shad, S.; Razaq, M.; Waheed, A.; Aslam, M. Resistance of Spodoptera litura (Lepidoptera: Noctuidae)
to profenofos: Relative fitness and cross-resistance. Crop Prot. 2014, 58, 49–54. [CrossRef]

9. Guo, D.; Luo, J.; Zhou, Y.; Xiao, H.; He, K.; Yin, C.; Xu, J.; Li, F. ACE: An efficient and sensitive tool to detect
insecticide resistance-associated mutations in insect acetylcholinesterase from RNA-Seq data. BMC Bioinform.
2017, 18, 1–9. [CrossRef] [PubMed]

10. Brevik, K.; Schoville, S.; Mota-Sanchez, D.; Chena, Y. Pesticide durability and the evolution of resistance:
A novel application of survival analysis. Pest Manag. Sci. 2018, 74, 1953–1963. [CrossRef]

164



Int. J. Mol. Sci. 2019, 20, 2404

11. Sakine, U. Insecticides and Advances in Integrated Pest Management. In Insecticide Resistance; Perveen, F.,
Ed.; InTech Press: London, UK, 2012; pp. 469–478.

12. IRAC Insecticide Resistance Action Committee Mode of Action Classification Scheme; Prepared by: IRAC
International MoA Working Group; Approved by: IRAC Executive Issued; IRAC: Baghdad, Iraq, 2018;
pp. 1–26.

13. Sparks, T.; Nauen, R. IRAC: Mode of action classification and insecticide resistance management.
Pestic. Biochem. Physiol. 2015, 121, 122–128. [CrossRef] [PubMed]

14. Aharoni, A.; O’Brien, R. Inhibition of acetylcholinesterases by anionic organophosphorous compounds.
Biochemistry 1968, 7, 1538–1545. [CrossRef]

15. Aldridge, W. The nature of the reaction of organophosphorous compounds and carbamates with esterases.
Bull. World Health Organ. 1971, 44, 25–30. [PubMed]

16. Langel, U.; Jarv, J. Leaving group effects in butyrylcholinesterase reaction with organophosphorous inhibitors.
Biochim. Biophys. Acta 1978, 525, 122–133. [CrossRef]

17. Lushchekina, S.; Patrick, M. Catalytic bioscavengers against organophosphorus agents: Mechanistic issues
of self-reactivating cholinesterases. Toxicology 2018, 409, 91–102. [CrossRef]

18. Lushchekina, S.; Schopfer, L.; Grigorenko, B.; Nemukhin, A.; Varfolomeev, S.; Lockridge, O.;
Masson, P. Optimization of cholinesterase-based catalytic bioscavengers against organophosphorus agents.
Front. Pharmacol. 2018, 9, 1–13. [CrossRef]

19. Ordentlich, A.; Kronman, C.; Barak, D.; Stein, D.; Ariel, N.; Marcus, D.; Velan, B.; Shafferman, A. Engineering
resistance to ‘aging’ of phosphorylated human acetylcholinesterase. Role of hydrogen bond network in the
active center. FEBS Lett. 1993, 344, 215–220.

20. Michigan State University Board of Trustees. Arthropod Pesticide Resistance Database (APRD). 2000.
Available online: https://www.pesticideresistance.org (accessed on 1 June 2018).

21. Insecticide Resistance Action Committee (IRAC) Resistance Management for Sustainable Agriculture and
Improved Public Health. Available online: http://www.irac-online.org (accessed on 1 June 2018).

22. Somani, G.; Kulkarni, C.; Shinde, P.; Shelke, R.; Laddha, K.; Sathaye, S. In vitro acetylcholinesterase inhibition
by psoralen using molecular docking and enzymatic studies. J. Pharm. Bioallied. Sci. 2015, 7, 32–36. [CrossRef]

23. Sadia-Chishty, M. A review on medicinal importance of babchi (Psoralea corylifolia). Int. J. Recent Scien. Res.
2016, 7, 11504–11512.

24. Waterhouse, A.; Bertoni, M.; Bienert, S.; Studer, G.; Tauriello, G.; Gumienny, R.; Heer, F.T.; de Beer, T.A.P.;
Rempfer, C.; Bordoli, L.; et al. SWISS-MODEL: Homology modelling of protein structures and complexes.
Nucleic Acids Res. 2018, 46, W296–W303. [CrossRef] [PubMed]

25. Protein Structure Homology-Modelling Server. Available online: https://swissmodel.expasy.org (accessed on
1 June 2018).

26. Van Durme, J.; Delgado, J.; Stricher, F.; Serrano, L.; Schymkowitz, J.; Rousseau, F. A graphical interface for
the FoldX forcefield. Bioinformatics 2011, 27, 1711–1712. [CrossRef]

27. Schymkowitz, J.; Borg, J.; Stricher, F.; Ny, R.; Rousseau, F.; Serrano, L. The FoldX web server: An online force
field. Nucleic Acids Res. 2005, 33, W382–W388. [CrossRef]

28. Morris, G.M.; Huey, R.; Lindstrom, W.; Sanner, M.F.; Belew, R.K.; Goodsell, D.S.; Olson, A J. Autodock4 and
AutoDockTools4: Automated docking with selective receptor flexiblity. J. Comput. Chem. 2009, 16, 2785–2791.
[CrossRef]

29. Krissinel, E.; Henrick, K. Secondary-structure matching (SSM), a new tool for fast protein structure alignment
in three dimensions. Acta Crystallogr. D Biol. Crystallogr. 2014, 60, 2256–2268. [CrossRef]

30. Salentin, S.; Schreiber, S.; Haupt, V.; Adasme, M.; Schroeder, M. PLIP: Fully automated protein-ligand
interaction profiler. Nucleic Acids Res. 2015, 43, W443–W447. [CrossRef]

31. Dolinsky, T.J.; Nielsen, J.E.; McCammon, J.A.; Baker, N.A. PDB2PQR: An automated pipeline for the
setup, execution, and analysis of Poisson-Boltzmann electrostatics calculations. Nucleic Acids Res. 2004, 32,
W665–W667. [CrossRef]

32. The National Center for Biotechnology Information (NCBI). Available online: http://www.ncbi.nlm.nih.gov
(accessed on 1 June 2018).

33. Menozzi, P.; Shi, M.; Lougarre, A.; Tang, Z.; Fournier, D. Mutations of acetylcholinesterase which confer
insecticide resistance in Drosophila melanogaster populations. BMC Evol. Biol. 2004, 4, 1–7. [CrossRef]
[PubMed]

165



Int. J. Mol. Sci. 2019, 20, 2404

34. Carvalho, R.; Omoto, C.; Field, L.; Williamson, M.; Bass, C. Investigating the molecular mechanisms of
organophosphate and pyrethroid resistance in the fall armyworm Spodoptera frugiperda. PLoS ONE 2013, 8,
e62268. [CrossRef] [PubMed]

35. Cassanelli, S.; Reyes, M.; Rault, M.; Manicardi, G.; Sauphanor, B. Acetylcholinesterase mutation in an
insecticide-resistant population of the codling moth Cydia pomonella (L.). Insect Biochem. Mol. Biol. 2006, 36,
642–653. [CrossRef]

36. Kim, S.; Chen, J.; Cheng, T.; Gindulyte, A.; He, J.; He, S.; Li, Q.; Shoemaker, B.; Thiessen, P.; Yu, B.; et al.
PubChem 2019 update: Improved access to chemical data. Nucleic Acids Res. 2019, 47, D1102–D1109.
[CrossRef]

37. PubChem. Available online: https://pubchem.ncbi.nlm.nih.gov (accessed on 1 July 2018).
38. Ranjan, A.; Chauhan, A.; Jindal, T. In silico and in vitro evaluation of human acetylcholinesterase inhibition

by organophosphates. Environ. Toxicol. Pharmacol. 2018, 57, 131–140. [CrossRef]
39. Pettersen, E.F.; Goddard, T.D.; Huang, C.C.; Couch, G.S.; Greenblatt, D.M.; Meng, E.C.; Ferrin, T.E. UCSF

Chimera—A Visualization System for Exploratory Research and Analysis. J. Comput. Chem. 2004, 25,
1605–1612. [CrossRef]

40. Sievers, F.; Higgins, D.G. Clustal omega. Curr. Prot. Bioinform. 2014, 48, 3.13.1–3.13.16. [CrossRef]
41. Multiple Sequence Alignment. Clustal Omega. Available online: https://www.ebi.ac.uk/Tools/msa/clustalo/

(accessed on 1 July 2018).
42. Chaudhry, M.; DASS, J.F.; Selvakumar, D.; Kumar, N. In-silico study of acetylcholinesterase inhibition by

organophosphate pesticides. Int. J. Pharm. Bio Sci. 2013, 4, B788–B802.
43. Sharma, A.K.; Gaur, K.; Tiwari, R.K.; Gaur, M.S. Computational interaction analysis of organophosphorus

pesticides with different metabolic proteins in humans. J. Biomed. Res. 2011, 25, 335–347. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

166



 International Journal of 

Molecular Sciences

Article

Investigation of Phospholipase Cγ1 Interaction with
SLP76 Using Molecular Modeling Methods for
Identifying Novel Inhibitors

Neha Tripathi 1, Iyanar Vetrivel 1 , Stéphane Téletchéa 2 , Mickaël Jean 3,
Patrick Legembre 3,4 and Adèle D. Laurent 1,*

1 CEISAM UMR CNRS 6230, UFR Sciences et Techniques, Université de Nantes, 44322 Nantes CEDEX 3,
France; neha.tripathi@univ-nantes.fr (N.T.); iyanar.vetrivel@univ-nantes.fr (I.V.)

2 UFIP UMR CNRS 6286, UFR Sciences et Techniques, Université de Nantes, 44322 Nantes CEDEX 3, France;
stephane.teletchea@univ-nantes.fr

3 CLCC Eugène Marquis, Equipe Ligue Contre Le Cancer, 35042 Rennes, France;
mickael.jean@univ-rennes1.fr (M.J.); patrick.legembre@inserm.fr (P.L.)

4 COSS INSERM UMR1242, Université Rennes 1, 35042 Rennes, France
* Correspondence: Adele.Laurent@univ-nantes.fr; Tel.: +33-(0)251-125-743

Received: 27 August 2019; Accepted: 19 September 2019; Published: 23 September 2019
����������
�������

Abstract: The enzyme phospholipase C gamma 1 (PLCγ1) has been identified as a potential
drug target of interest for various pathological conditions such as immune disorders, systemic
lupus erythematosus, and cancers. Targeting its SH3 domain has been recognized as an efficient
pharmacological approach for drug discovery against PLCγ1. Therefore, for the first time,
a combination of various biophysical methods has been employed to shed light on the atomistic
interactions between PLCγ1 and its known binding partners. Indeed, molecular modeling of PLCγ1
with SLP76 peptide and with previously reported inhibitors (ritonavir, anethole, daunorubicin,
diflunisal, and rosiglitazone) facilitated the identification of the common critical residues (Gln805,
Arg806, Asp808, Glu809, Asp825, Gly827, and Trp828) as well as the quantification of their
interaction through binding energies calculations. These features are in agreement with previous
experimental data. Such an in depth biophysical analysis of each complex provides an opportunity to
identify new inhibitors through pharmacophore mapping, molecular docking and MD simulations.
From such a systematic procedure, a total of seven compounds emerged as promising inhibitors,
all characterized by a strong binding with PLCγ1 and a comparable or higher binding affinity to
ritonavir (∆Gbind < −25 kcal/mol), one of the most potent inhibitor reported till now.

Keywords: phospholipase C gamma 1; SLP76; virtual screening; pharmacophore mapping; molecular
docking; molecular dynamics

1. Introduction

Apoptosis [1] is genetically encoded to provide mechanisms related to organ formation, or to
eliminate damaged cells. The mechanism is mediated by regulated interactions between various
cellular components [2]. Under pathological conditions, such as cancers, autoimmune disorders and
viral infections, dysregulated components might cause the decrease in cellular apoptosis [3]. Therefore,
targeting the enzymes and receptors involved in regulation of cellular apoptosis has been established
as an important therapeutic strategy for such pathological conditions [4–12]. Amongst the numerous
regulators of apoptosis, the multifunctional phospholipase C (PLC) enzymes interact with target
proteins to modulate the cellular apoptosis [13–16]. Indeed, PLCs are essential for regulation of several
cellular processes as they catalyze the hydrolysis of phosphatidylinositol 4,5-bisphosphate (PIP2) into
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inositol 1,4,5-triphosphate (IP3) and diacylglycerol (DAG) using Ca2+ as cofactor [17]. In mammals,
PLCγ isozyme is, particularly, involved in cell growth regulation [17–20], and is constituted of two
isoforms (i.e., PLCγ1 and PLCγ2) [17]. The PLCγ1 isoform is constitutively expressed in all cells,
whereas PLCγ2 is mainly expressed in immune cells [17]. Particularly, PLCγ1 has been identified to
play an important role in the regulation of cell growth and cellular differentiation [17,19], by interacting
with various macromolecular targets [17] such as epidermal growth factor, fibroblast growth factor,
platelet derived growth factor, vascular endothelial growth factor and cluster of differentiation 95
(CD95) [16,21]. PLCγ1 is also known to be involved and to play an important role in cell invasion,
metastasis and progression in cancers [13,15,22].

Structurally, PLCγ1 is a multidomain protein [14,21] (Figure S1), for which the catalytic site is
present in a TIM barrel [19]. The catalytic activity of PLCγ1 is controlled by a conformational change
in relative orientation of its various domains which, in turn, is governed by the phosphorylation
of the Tyr783 residue [17]. The structural complexity of PLCγ1 contributes to the multitude of its
biological targets. Particularly, the SH3 domain of PLCγ1 (PLCγ1-SH3) has been reported to contain
the binding site for several target proteins, enriched in proline (PXXP motifs) [18]. Experimental
studies ascertain the importance of the PLCγ1-SH3 in interactions with several proteins including
autoimmune poly-endocrinopathy candidiasisectodermal dystrophy protein (AIRE), colonic and
hepatic tumor overexpressed protein (CHTOG) and the gliomatumor suppressor candidate region
gene 1 protein [23]. It has also been identified to be essential for mitogenic activity of PLCγ1 [24], as the
SH3 domain, in combination with SH2 domains, induces mitogenesis in quiescent fibroblast, indicating
its importance for cellular growth [25]. The interaction site for dynamin (a membrane-remodeling
GTPase) is also located within PLCγ1-SH3 [26]. Pharmacological involvement of such interactions in
various pathological conditions gives rise to the opportunity to identify therapeutic agents, specifically
targeting the PLCγ1-SH3 and thus preventing the interaction between PLCγ1 and its cellular targets.

The lymphocyte cytosolic protein 2, also known as SLP76 is a T-cell adaptor protein, which has been
structurally characterized to interact with the PLCγ1-SH3 (PDB ID: 1YWO, Figure S1) [18], and thus
offers the representative interactions between the PLCγ1-SH3 and its substrates. The PLCγ1-SH3 binds
to the XPXXPXR motif of SLP76, which is more specific than a usual PXXP motif. Using this information,
Poissonnier et al. have reported the design of an original peptidomimetic inhibitor, by employing
molecular modeling studies [16]. In their work, protein-fragment complementation assay (PCA) and
in vitro screening of 1280 molecules (Prestwick library) has been performed, identifying the inhibitors
of PLCγ1–CD95 interactions which include ritonavir (HIV protease inhibitor), anethole (flavoring
agent), daunorubicin (topoisomerase inhibitor), diflunisal (nonsteroidal anti-inflammatory drug), and
rosiglitazone (antidiabetic agent which interacts with peroxisome proliferator-activated receptor) [16]
(Figure 1). Additionally, a peptidomimetic (named DB550) (Figure 1) was designed on the basis of
structural features extracted from the calcium inducing domain (CID) of CD95. These inhibitors
were demonstrated to specifically inhibit the interactions of PLCγ1 and CD95. Administration
of both ritonavir and DB550 showed therapeutic effects in lupus-prone mice [16]. Overall these
findings indicate that targeting the PLCγ1-SH3 is of prime importance for the management of various
pathological conditions involving a plethora of immunological conditions and cancers. Availability
of three dimensional (3D) complex between various drug targets and their modulators become
crucial for facilitating the rational drug design. Although, the experimental techniques, such as X-ray
crystallography and NMR, are powerful tools in determining these structures, these is time-consuming
and expensive, and not feasible for several proteins. The molecular modeling techniques such as
homology modeling, molecular docking, and molecular dynamics simulations offer an appropriate
solution for the prediction of intermolecular recognition interactions [9–11,27–29]. Several examples of
successful application of molecular modeling techniques for the identification of potential therapeutic
agents are available in literature [29–36]. In view of this, the computational methods were utilized
in the current study. To the best of our knowledge, combining molecular docking and molecular
dynamics (MD) simulations have never been performed on the PLCγ1-SH3.
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Figure 1. Structural formula of the reported inhibitors of phospholipase C gamma 1–cluster of
differentiation 95 (PLCγ1–CD95) interactions [16].

In the present study, the PLCγ1-SLP76 complex (Figure S1) is therefore exploited for identifying
novel inhibitors targeting PLCγ1 through a structure-based pharmacophore map to identify key
structural features involved at the PLCγ1-SLP76 interface. As a first step, the molecular docking
and molecular dynamics simulations of reference compounds, shown in Figure 1, is performed to
characterize key residues as well as their binding affinity, so as to obtain reference values. Thereafter,
a virtual library of compounds (constituted of 227,228 molecules) was subjected to a systematic virtual
screening protocol, from which the top sixteen molecules were considered for an extended work using
MD simulations to ensure their stable binding with PLCγ1. After a careful analysis of the MD results,
it was found that out of the sixteen molecules, seven were highly promising candidates for inhibiting
the interaction between the PLCγ1-SH3 and its target proteins. To the best of our knowledge, this is
the first attempt to employ SLP76-based features for drug design against PLCγ1 as well as to screen
such a large library of 227,228 compounds.

2. Results and Discussion

2.1. Molecular Recognition of SLP76 and Known Inhibitors by PLCγ1

The PLCγ1-SLP76 crystal structure (PDB ID: 1YWO) [18] offers the opportunity to employ
a structure-based drug design strategy for the identification of novel PLCγ1 inhibitors. Deng et
al. employed isothermal titration calorimetry to identify a proline rich motif (186PPVPPQRP193) in
SLP76 [18]. In the crystal structure, SLP76 forms four H-bonds with PLCγ1 via Asp808, Glu809,
Trp828 and Asn844 (Figure 2A) and hydrophobic interactions at the protein–peptide interface through
the proline enriched motif (XPXXPXR). Globally, the binding of SLP76 with PLCγ1 is governed by
both, structural and electrostatic complementarity (Figure 2A and Figure S2A,B) [18]. Indeed, PLCγ1
possesses an arginine binding site which is characterized by a highly electronegative surface potential
due to the presence of acidic Asp808 and Glu809 (Figure S2A). The latter are complementary to the
highly electropositive Arg192 of SLP76 (Figure S2B) forming a salt bridge interaction. The ∆Gbind value
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for co-crystallized conformation of SLP76 with PLCγ1 was estimated through MM/GBSA calculation
to a high magnitude value, i.e., −85.42 kcal/mol (Figure 2B).

Figure 2. Interactions of SLP76 and reported inhibitors [16] with PLCγ1. (A) Main interactions between
SLP76 and PLCγ1 in the X-ray crystal structure [18]. Residues, involved in H-bonds are shown in bold
and stick. (B) Experimental ED50 values [16] and calculated MM/GBSA binding energy (∆Gbind) for
SLP76 (in the crystal structure) and reported inhibitors (after IFD) with PLCγ1. (C) Key interactions of
ritonavir with PLCγ1. Legend for interactions: H-bonds in yellow; π···cation interactions in green; π···π
stacking interactions in blue; aromatic H-bonds in cyan; salt bridges in magenta. -NA-: Not Applicable.

Molecular docking of the reported PLCγ1 inhibitors (Figure 1) [16] was performed firstly to
compare their binding values with SPL76 and secondly to establish selection criteria for the following
step, that is the virtual screening. Structural superimposition of the predicted docked poses of these
inhibitors in PLCγ1-SH3 reveals that all inhibitors overlap with the SLP76 peptide (Figure S3), especially
at the C-terminal of SLP76. We do note, however, that ritonavir and rosiglitazone are slightly less
aligned onto the SLP76 N-terminal side. ∆Gbind values were computed for each reported inhibitor so as
to evaluate its correlation with their reported effective dose (ED50) [16] (Figure 2B). A direct correlation
is rather difficult to establish between the ED50 and calculated ∆Gbind values, but it is clear that SLP76
and ritonavir have the highest binding affinity following the ED50 trend. Among the reported inhibitors,
ritonavir is effectively the most potent inhibitor (ED50 of 0.8 µM and ∆Gbind of −70.12 kcal/mol) of
the PLCγ1 and CD95 interaction. Table S1 enlists all the relevant non-covalent interactions between
the reported inhibitors [16] and PLCγ1 the molecular docking (IFD) (see supporting information
for details).
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2.2. Pharmacophore Mapping and Molecular Docking Based Identification of Promising Hits

Reported interactions between SLP76 and PLCγ1 (Figure 2A) can be considered as the important
pharmacophoric features of PLCγ1 interacting agents, as also confirmed by the inhibitor binding
(Table S1, Figure 2C and Figure S4). A structure-based pharmacophore map was created accordingly
followed by a virtual screening helping to firstly identify compounds possessing similar SPL76 specific
binding features. Out of a total of thirty-four structural, hydrophobic and electrostatic features
present in SLP76 peptide, five of them were kept (Figure 3A) based on the interactions reported in
literature [18], and observed in the available crystal structure (Figure 2A). The pharmacophore is
thus built in order to selected compounds which contain two H-bond acceptors mimicking Val188
and Pro190, two hydrophobic groups aligning on Pro189 and Pro190 and one positive feature as
Arg192 in SPL76 which was also treated as H-bond donor features. From the initial virtual library
of compounds (227,228 molecules) used for the virtual screening, 2734 molecules simultaneously
exhibit the five selected pharmacophore features (alignment of top 15 molecules with the generated
pharmacophore is shown in Figure S5). Analysis of the topological diameter (range 10 to 25), molecular
weight (>350 D) and molecular volume (>1000 Å3) of the 2734 molecules showed that they exhibit
a large size (Figure S6A–C), which helps in occupying the ligand binding site as for the SPL76
peptide in the PLCγ1-SH3 and, possibly, could enhance the specificity of the molecule towards PLCγ1.
The octanol/water partition coefficient for most of the selected molecules was in the range of 2 to 5
(Figure S6D) indicating their possible ability to permeate through membranes. Thereafter, a systematic
molecular docking protocol (Figure S7) was employed to realize the interaction of the 2734 molecules
with the PLCγ1-SH3.

Figure 3. Results from the virtual screening performed for the identification of promising PLCγ1
inhibitors (A) Generated pharmacophore hypothesis from PDB ID: 1YWO [18]. Selected five
pharmacophore features are shown as large grey spheres, where A: H-bond acceptor. The red
arrows indicate the direction of H-bond formation (“A” being the H-bond acceptor); H: hydrophobic
group; P: Positive functional group, which is treated equivalent to H-bond donor. Cyan spheres
represent excluded receptor volume shell. (B) and (C) Non-covalent interactions of IN1 and IN2,
respectively, with PLCγ1 (see Figure 2C for color legend).

To narrow down the number of compounds a HTVS has been realized filtering compounds
specifically interacting with the PLCγ1 arginine binding site (Asp808 and Glu809) and with the
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XPXXPXR proline enriched motif (Trp828 and Asn844) of PLCγ1. With the motive of blocking PLCγ1
activity, the presence of interactions within the arginine binding site and at least two H-bonds between
screened molecules and PLCγ1 was considered as the selection criterion. Of these two H-bonds,
one should be present with the arginine binding site (Asp808 or Glu809) and the other within the
XPXXPXR motif recognition site (Trp828 or Asn844). The HTVS helped to filter this set of molecules
to 705 compounds (with Glide gscore ≤ −3.5) which were subsequently subjected to molecular
docking with higher precision. Evaluation of molecular docking results on the basis of glide gscore,
reproducibility of docked conformation and most importantly, structural overlap with cocrystallized
ligand SLP76, helped us to identify potential candidates for PLCγ1 inhibition. Final selection after each
docking step was based on the calculated ∆Gbind value. SP mode and XP mode molecular docking
(Figure S7) helped to bring the number of promising hits to 33 molecules characterized by ∆Gbind

value below −40 kcal/mol, while IFD further narrowed down this number to 16 molecules (Table S2
and Figures S8 and S9). All molecules occupied the similar interaction site as one of the N-terminal
domain of SLP76 (Figure S10). Molecular interactions between each ligand and PLCγ1 after the last
molecular docking step (IFD) are presented in Table 1.

Table 1. Molecular recognition interactions between IN1-IN16 molecules and PLCγ1 after induced fit
molecular docking. Residues in bold are also involved in similar interactions with SLP76.

Title H-Bond NH···π/π···π Stacking
Interactions Hydrophobic Interactions Other Residues within 5Å

IN1 Glu809, Asn844 Trp828 Tyr802, Gly826, Gly827, Trp840,
Phe841, Pro842, Tyr845

Gln805, Arg806, Asp808,
Gln824, Asp825, Ser843

IN2 Phe800, Tyr802,
Gly826, Asn844 Tyr845 Leu799, Gly827, Trp828, Trp840,

Phe841, Pro842
Gln805, Arg806, Asp808,

Glu809

IN3 Arg806, Asp808,
Gly826, Asn844 Trp828, Trp840 Tyr802, Gly825, Phe841, Pro842,

Tyr845 Gln805, Glu809, Ser843

IN4
Gln805, Arg806,
Asp808, Glu809,

Tyr845

Tyr802, Trp828, Trp840, Pro842,
Tyr845,

Lys803, Glu807, Gln824,
Asp825, Asn844

IN5 Asp808, Glu809
Trp828 Trp840 Tyr802, Gly827, Gly826, Trp829,

Phe841, Pro842, Tyr845

Gln805, Arg806, Gln824,
Asp825, Arg830, Ser843,

Asn844

IN6 Gln805, Arg806,
Asp808, Trp840 Tyr802, Trp828, Gly826, Gly827 Gln824, Asp825, Arg830

IN7 Glu809, Gly826 Trp828, Trp840 Pro842, Tyr845, Tyr802, Gly827 Gln805, Arg806, Asp808,
Asp825, Ser843, Asn844

IN8 Arg806, Asp808,
Asn844 Trp828, Trp840 Tyr802, Gly826, Gly827, Phe841,

Pro842, Tyr845
Gln805, Glu809, Gln824,

Asp825, Ser843

IN9 Asp808, Glu809,
Trp828, Trp840 Arg806, Trp840 Tyr802, Pro842, Tyr845 Gln805

IN10 Asp808, Asn844 Trp840, Trp828 Tyr845, Tyr802, Gly826, Gly827,
Pro842

Arg806, Glu809, Gln824,
Asp825, Ser843

IN11 Gln805, Trp828,
Asn844,

Tyr802, Gly826, Gly827, Trp840,
Pro842, Tyr845

Lys803, Arg806, Asp808,
Glu809, Arg830, Ser843,

IN12 Gln805, Arg806,
Glu809 Trp828 Tyr802, Gly826, Trp840, Pro842,

Tyr845
Asp801, Lys803, Asp808,
Gln824, Asp825, Asn844

IN13 Asp808, Gly826,
Trp828 Trp828, Trp840 Tyr802, Gly827, Pro842, Tyr845, Arg806, Glu809, Asp825,

Ser843, Asn844

IN14 Asp808, Glu809,
Gly826 Trp828 Tyr802, Gly827, Trp840 Arg806, Gln824, Asp825

IN15 Asp808 Trp828, Trp840 Tyr802, Gly826, Phe841, Pro842 Gln805, Arg806, Glu809,
Asp825

IN16 Asp808, Gly826,
Asn844 Trp828 Gly827, Trp840, Pro842, Tyr845 Gln805, Arg806, Glu809,

Asp825, Ser843
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The 3D molecular recognition interactions for top scoring hits, i.e., IN1 and IN2 are shown in
Figure 3B,C, whereas interactions for the other 14 molecules (IN3-IN16) are shown in Figure S11.
PLCγ1 residues which participated in H-bonds or salt bridge interactions with all the 16 selected
ligands are Gln805, Asp808, Glu809, Trp828, Asn844, and Tyr845 (Table 1). Additional complex
stabilization was observed pertaining to NH···π /π···π interactions with Arg806, Trp828, Trp840, and
Tyr845. Hydrophobic interactions were mainly observed with Tyr802, Gly826, Gly827, Trp840, Phe841,
Pro842, and Tyr845, for each ligand. As discussed earlier, a careful attention was paid throughout
the molecular docking steps to keep two key intermolecular interactions, i.e., at arginine binding site
and proline (from XPXXPXR motif) binding site. The ∆Gbind values calculated after IFD (Table S3)
were comparable to that of ritonavir and SLP76 (Figure 2B), ranging from −78.07 to −56.34 kcal/mol,
thus further supporting their candidature as PLCγ1 inhibitors. Interestingly, all selected compounds
possessed a basic nature (predicted pKa value > 13), facilitating their interaction with the negatively
charged arginine binding site of PLCγ1. As shown in Figure 3B,C and Figure S11, a positively charged
nitrogen center in these molecules occupied the arginine binding site by interacting with Asp808 or
Glu809. These generated complexes were thus taken further for the MD simulations.

2.3. MD Simulations

In order to evaluate the stability of the identified interactions under dynamical conditions
and ensure strong binding of ligands with the target, MD simulation is a method of key choice.
The generated 16 complexes were submitted to MD simulations for 50 ns to study the system relaxation.
Additionally, PLCγ1-SLP76 and PLCγ1-ritonavir complexes were also subjected to MD simulations, as
they are considered as reference systems. To ensure reproducibility of the results, each system was
simulated in three replicates. Combined cluster analysis (Figure S12) revealed that three replicates
behave similarly (keeping 70% as cut-off) for the complexes formed by SLP76, IN1, IN6, IN11, and IN15
with PLCγ1. Indeed, the majority of the three simulation coordinates belongs to one unique cluster. For
the systems containing ritonavir, IN2, IN3, IN4, IN5, IN7, IN9, IN12, and IN13, the cluster population
was spanned over two clusters, while for PLCγ1 bound to IN8, IN10, IN14, and IN16, at least one of
the simulations indicated a wider distribution of the cluster population over the period of simulation
run. The RMSD analysis between the clusters in the various systems showed that the inter-cluster
distance was <2 Å (Table S4) and the average distance from the centroid for various clusters was <1.5 Å
for all the systems. Thus, it can be concluded that the triplicate simulations successfully produced
comparable results.

In order to evaluate the stabilized binding of each ligand to PLCγ1 in the generated complexes
over the period of simulation, the distribution of each cluster population with time was analyzed
(Figure S13). For SLP76, ritonavir, IN1 to IN5, IN8, IN11, and IN13 to IN16, >70% of the frames
remained in a single cluster over the last 25 ns of simulation in the three replicate runs. For IN6, IN7,
IN10, and IN12, at least two replicates showed an equilibrated trajectory over the entire simulation run.
The whole protein RMSD analysis showed that PLCγ1 structure was stabilized during the simulation
and showed minimum difference (RMSD < 2.0 Å) in the various complexes as compared to their initial
coordinates (Figure S14).

After the global evaluation of the simulation trajectories, we decided to analyze the local behaviors
of the molecules at the binding sites. The structural overlap of the ligand position after molecular
docking, after the system equilibration and after the production run (for one representative replicate)
is shown in Figure S15. For SLP76, the structure overlap was performed between the cocrystallized
conformation, equilibrated conformation and the structure after MD simulations. The three structures
indicate a clear overlap between each SLP76 conformation (Figure S15A) which indicates the ability of
the adopted protocol to maintain the cocrystallized conformation. Compared to the complex generated
after molecular docking, the position of the ligand did not change much after system equilibration for
majority of the 16 molecules, except for ritonavir and IN11. After the MD simulations, IN1, IN4-IN6,
IN8, IN10, and IN13-IN16, were maintained close to the docked pose. The final structure after the MD
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simulation revealed a significant movement from the docked position for ritonavir, IN3, IN7, IN11,
and IN12, while for others no major change in their relative position was observed (Figure S15). For
compound IN3, this displacement was mainly observed in the position of pyrazolo (3, 4-d) pyrimidinyl
ring from the arginine binding site to Proline motif binding site. For IN7, IN11 and IN12 an obvious
unbinding of the compound from PLCγ1 was observed during each replica of the molecular dynamics
simulations. For a detailed investigation of binding behavior of the identified hits, the RMSD and
distance from crucial residues were evaluated (Figures S16 and S17).

2.4. Stable Binding of Identified Molecules to PLCγ1

In order to select the molecules which showed reproducible and stable binding to PLCγ1, RMSD
along the simulations and time-dependent distance between the center of mass of the bound ligand
and Asn844 of PLCγ1 (COM_dist) were plotted to rapidly identify the unbinding of some ligands
(Figures S16 and S17). The cocrystallized peptide SLP76 shows a very stable complexation with PLCγ1
throughout all the simulation runs, as indicated by the stable RMSD value for the entire complex,
by the COM_dist and by the ligand RMSD (Figure S16A). Structural overlap of the final coordinates
for the three replicates of PLCγ1-SLP76 complex indicates a similar orientation of SLP76 in the binding
site, except for its terminal amino acids (Gln185 and Met194). The SLP76 position after MD simulation
is highly similar to the one from cocrystallized conformation (RMSD values ranging from 2 to 4 Å).
Additionally, the calculated per-nanosecond ∆Gbind value for the PLCγ1-SLP76 system indicates a
stabilized affinity along the simulation run (Figure S18) with an average ∆Gbind value (over last 5 ns)
of −50.14 ± 3.96 kcal/mol (Table S5). It can be observed that compared to the ∆Gbind value from
MM/GBSA calculations (Figure 2B), the value after MD simulations (Table S5) is numerically increased
significantly from −85 kcal/mol to −50.14 ± 3.96 kcal/mol, respectively, signifying lowered affinity.
From the component analysis of ∆Gbind (vdW, electrostatic, etc.), the complexation is dominated by
the electrostatic component (−119.92 kcal/mol, Table S5) which is attributed to the strong interaction at
the arginine binding site.

The PLCγ1-ritonavir complex generated from the IFD (Figure 2C) was also submitted to MD
simulations, which resulted into the stabilized PLCγ1-ritonavir complex (RMSD and COM_dist in Figure
S16B), and here again, the calculated ∆Gbind value for three replicates (Figure S18) were numerically
increased (−28.42 ± 3.31 kcal/mol in Table S5) compared to the one after IFD (−70.12 kcal/mol in
Figure 2B), which is much higher (lower affinity) than the ∆Gbind of SLP76 (difference of 21.72 kcal/mol).
Such a variation can be attributed to the difference in molecular dimension and surface electrostatics
between both partners. As we know, SLP76 is an intracellularly present binding partner for PLCγ1,
while ritonavir is required to cross the membrane barrier for interacting with its macromolecular drug
targets and its smaller molecular size favorably contributes to penetrate the cell membrane. Therefore,
normalized ∆Gbind value (based on molecular weight or molecular volume) (Table S6) were used to
obtain a ∆Gbind values accounting for such bias. ∆Gbind per unit weight (∆Gbind-MW) and per unit
volume (∆Gbind-MV) for SLP76 are calculated to be −0.044 kcal/mol and −0.015 kcal/mol, respectively,
while for ritonavir ∆Gbind-MW and ∆Gbind-MV are −0.040 kcal/mol and −0.013 kcal/mol, respectively.
Such normalized ∆Gbind values show, as expected, that the binding of ritonavir is highly comparable
to SLP76. As ritonavir has been already reported to inhibit the interaction of PLCγ1 with the CD95
death domain by binding at PLCγ1-SH3 [16], we consider the ∆Gbind value of ritonavir as a cutoff for
the selection of potent inhibitors.

Based on the RMSD and COM_dist values (Figures S16 and S17), molecules showing stable
binding to PLCγ1 can be rapidly identified. Three ligands out of the selected 16 compounds, IN7,
IN11 and IN12, were released from the binding site of PLCγ1 in at least one of the replicate simulation
runs (Figures S16I and S17D,E). Other ligands remained bound at the PLCγ1-SH3. Analysis of ∆Gbind

over the last 10 ns simulation trajectory (Figure S18) helped to identify molecules with similar binding
behavior with PLCγ1 as that of ritonavir. Molecules for which ∆Gbind was numerically lower than
−25 kcal/mol in all replica simulations (Figure S18) are IN1, IN2, IN3, IN5, IN6, IN8, and IN10 and
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can be considered equivalent in terms of ∆Gbind to ritonavir (Figure 4A and Table S5). Interestingly,
∆Gbind-MW and ∆Gbind-MV for all the selected molecules (except for IN7, IN11, and IN12, which were
released from the binding site) were lower than SLP76 and ritonavir (Table S5) indicating even a
stronger binding towards PLCγ1. The per-residue atomic fluctuation for each system also indicates
that the molecules which showed stable binding also present lower fluctuation in PLCγ1 (Figure S19).
Contrarily, IN7, IN11, and IN12, which are released from the binding site, induced a higher degree of
structural fluctuation within the protein structure. Hereafter, IN7, IN11, and IN12 were not considered
for the rest of the analysis.

Figure 4. Interaction analysis for the molecular dynamics of the sixteen complexes. (A) Average ∆Gbind

value calculated over the last 5 ns. Red line indicates the cutoff used for final selection of compounds
and (B) Per-residue decomposition energy analysis for selected potential PLGγ1-inhibtior complexes
during molecular dynamics (MD) simulation.

2.5. Molecular Recognition of the Selected Molecules to PLCγ1 Considering MD Simulations

Molecular recognition interactions play a crucial role in ensuring stability of the complex and
binding affinity of the molecules to their target. An analysis of per-residue total decomposition energy
allowed the identification of key amino acids involved in favorable interactions with ligands. Residues
with a significant contribution to the binding energy (cutoff −0.5 kcal/mol) involving the ligands
and PLCγ1 are presented as stacked bar plot in Figure 4B. The critical residues for SLP76 binding
to PLCγ1-SH3 were Phe800, Tyr802, Asp808, Glu809, Trp828, Trp840, Pro842, Asn844, and Tyr845.
Interestingly, these results were in good correlation with the reported important residues (Asp808,
Trp840, and Tyr845) (detected from NMR data) [16] for interaction of SLP76 with PLCγ1-SH3. Residues
which were identified to be involved in interaction with inhibitors are Gln805, Arg806, Asp808, Glu809,
Trp828, and Trp840. Such conclusion was based on their involvement in the complex formation for
multiple systems (indicated by presence of multiple colors in the stacked bars). Interestingly, these
residues also exhibited lower atomic fluctuation in the presence of bound ligands (Figure S20), and were
also reported to be crucial for SLP76 binding to PLCγ1 [18]. Thus, their involvement in interaction with
identified compounds, increases the confidence in PLCγ1 inhibiting ability of the selected molecules.

Residues which were involved in H-bond interactions with the selected molecules were identified
by analyzing the last 10 ns MD simulation trajectory for the various complexes. Average number
of H-bonds (Figure S21) were found to be higher than 3 for IN1, IN3, IN5, IN6, IN10, and IN13
(Table S7). Cumulative H-bond occupancy analysis (Figure 5) helped to identify the residues involved
in H-bond interactions. Stacked bars with a high degree of color variation (indicating the presence of
H-bond in several PLCγ1-inhibitor complexes) represent the residues important for stabilization of
PLCγ1-inhibitor complex, which include Arg806, Asp808, Glu809, and Trp828. These residues were
also found to interact with SLP76 during MD simulations via H-bonds. Residues Gln805, Asp825, and
Gly827 were involved in H-bond interactions with the inhibitors, but not with SLP76. Their importance
in inhibitor binding can be evaluated in vitro; however, this is not covered in the scope of current study.

Based on the extensive MD simulation analysis, performed herein, IN1, IN2, IN3, IN5, IN6, IN8,
and IN10 (Figure 6) were proposed as the most potent candidates for PLCγ1 inhibition (Table S2). At the
moment, none of these molecules have been evaluated for any kind of biological activity according to
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the ChEMBL database [37], making those highly interesting compounds for further developments.
In vitro evaluation of their binding to PLCγ1 and subsequent, interference in the interaction of PLCγ1
with its cellular targets would be of great therapeutic relevance.

Figure 5. H-bond occupancy analysis for the PLCγ1 residues in various systems over the last 10 ns in
various complexes after MD simulations.

Figure 6. Selected potential inhibitors PLCγ1 after the three replicate MD simulations.
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3. Materials and Methods

3.1. Pharmacophore Modeling

Starting from the available crystallographic structure of PLCγ1-SLP76 complex (PDB ID:
1YWO) [18], a pharmacophore model was defined based on all potential pharmacophore features
of the ligand complementary to the substrate-binding site using the PHASE module [38,39] of the
Schrödinger software package, version 2018-2 [40]. Structural features of SLP76 which facilitate its
binding to the PLCγ1-SH3 were identified and five of them were selected from a collection of fourteen
features. An excluded volume shell based on van der Waals radii was also taken into consideration
to mimic the receptor binding site while generating the pharmacophore model. Eventually, from the
227,228 compounds arising from various libraries (Table S8), 2734 molecules exhibit simultaneously
the five features defined by the pharmacophore model. These were subjected to molecular docking.

3.2. Molecular Docking-Based Virtual Screening

The crystal structure of the complex between the PLCγ1-SH3 (from Rattus norvegicus) and SLP76
(from Homo sapiens) (PDB ID: 1YWO) [18] was considered for molecular docking. High sequence
identity (95%) and sequence similarity (98%) between the PLCγ1-SH3 from Rattus norvegicus (UniProt
ID: P10686) and from Homo sapiens (UniProt ID: P19174) (Figure S22A) permits the use of such structure
for the molecular modeling studies. Indeed, the three non-identical residues of PLCγ1 (Ile813, Glu825
and Ile846 in Homo sapiens and Thr813, Asp825 and Val846 in R. norvegicus) are not involved in
the interaction with SLP76 (Figure S22B,C). Using the Protein Preparation Wizard module [41] of
Schrödinger software package, version 2018-2 [42], pre-processing of the macromolecular structure
was performed, i.e., addition of missing hydrogens, removal of water molecules beyond 5 Å and
assignment of the right bond order. The protassign utility of the Protein Preparation Wizard module
was employed for optimization of ionization state using PROPKA, for predicting pKa values in proteins
(pH 7.0 ± 2.0) and orientations of side chain functional groups (e.g., hydroxy group in Ser, Thr and
Tyr; amino group in Asn and Gln). A restrained minimization of the complex was then performed
(cutoff root mean square deviation (RMSD) 0.3 Å) with the help of impref utility, so as to avoid any
steric clashes.

The 2734 molecules obtained after the pharmacophore filtering were prepared using the LigPrep
module of Schrödinger software package, version 2018-2 [41,43]. For the high-throughput virtual
screening (HTVS) step, the ionization states of these molecules were not considered, whereas for
subsequent steps, these molecules were subjected to preparation in LigPrep, generating their ionization
states (using Epik ionizer [44–46], pH 7.0 ± 2.0). For a comparative analysis, reported PLCγ1
inhibitors [16], i.e., anethole, daunorubicin, diflunisal, ritonavir and rosiglitazone (Figure 1) were also
considered and submitted to molecular docking at the SLP76 binding site in PLCγ1-SH3.

The interaction grid for molecular docking was generated with the Receptor Grid Generation
module of Schrödinger software package at the centroid of bound ligand in the prepared PLCγ1-SLP76
complex (grid center: 19.29, 2.63, 25.99). The size of the interaction grid was extended up to 10 Å as
inner box and additional 20 Å as outer box. Molecular docking was performed using the Glide module
of Schrödinger software package [47–50] in four steps (Figure S7), i.e., (i) high-throughput virtual
screening (HTVS), (ii) Standard Precision (SP) mode docking, (iii) eXtra Precision (XP) mode docking
and (iv) Induced Fit Docking (IFD) [51–53]. For HTVS, only one pose was considered, whereas for
subsequent steps, 20 poses were generated for each molecule (with all parameters at their default
values and by employing the OPLS_2005 force field) [54]. After each step, results were subjected
to a pose filtering for the presence of crucial hydrogen bond (H-bond) interactions with PLCγ1 (via
Asp808/Glu809 and Trp828/Asn844), evaluation for structural overlap with cocrystallized ligand,
reproducibility of the docked conformation and glide docking score. Molecular Mechanics-Generalized
Born Surface Area (MM/GBSA) based binding free energy (∆Gbind) were computed for the complexation
of selected molecules with PLCγ1, using Prime module [55]. Molecules with a ∆Gbind value lower
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than −40 kcal/mol were taken for next steps. For the hit selection after IFD, the ∆Gbind cutoff was kept
to −55 kcal/mol. The sixteen molecules, named hereafter as INX (where X = 1 to 16) were further
considered for the MD simulations. Previously reported PLCγ1 inhibitors [16] (Figure 1) were also
submitted to IFD and, subsequent MM/GBSA ∆Gbind calculations.

3.3. Molecular Dynamics Simulations

In order to evaluate the stability of sixteen complexes generated from molecular docking,
PLCγ1-ritonavir complex and PLCγ1-SLP76 complex, MD simulations were carried out using the
AMBER18 package [56]. The General Amber Force Field (GAFF) [57] and Amber ff99SB force field [58]
were employed for ligands and protein preparation, respectively. The AM1-bcc method (semi-empirical
with bond charge correction) [59] of the antechamber module from Amber tools 18 [56] was utilized
for deriving charges on the ligands. TIP3P water model [60] was used for solvation (cubic box;
15 Å × 15 Å × 15 Å). Each system was neutralized by adding counter ions and an ionic concentration
of 0.15 M was maintained by adding additional Na+ and Cl− ions. All systems were subjected to
minimization and gradual heating (from 0 to 300 K, under NVT ensemble). Thereafter, density
equilibration (under NPT ensemble) and equilibration (1 ns under NPT ensemble) were performed
sequentially at 310 K and 1 atm pressure (pressure relaxation time of 2.0 ps and time step of 2 fs). Finally,
three replica of the production run for 50 ns were performed under NPT ensemble for each system
using a cutoff distance of 12 Å for non-bonded interactions. Long-range electrostatic interactions
were treated with the Particle-Mesh Ewald (PME) method [61]. Bulk effect was simulated by enabling
periodic boundary conditions. All covalent bonds containing hydrogen atoms were constrained using
the SHAKE algorithm [62]. Ptraj module [63] of Amber tools [56] and Visual Molecular Dynamics
software (VMD) [64] were used for trajectory analysis. Combined clustering analysis was performed,
for the three replicate MD simulations, Ptraj module [63] to evaluate the reproducibility of the results
and ligand binding during the simulation. A hierarchical agglomerative (bottom-up) approach was
employed as clustering algorithm (number of clusters: 5) and the best-fit coordinate RMSD between
all the heavy atoms was considered as the parameter for clustering. ∆Gbind values were also calculated
using MM/GBSA method [65] over the last 10 ns of MD simulations trajectory.

4. Conclusions

Involvement of PLCγ1 in a number of cellular processes makes it an important drug target for
a number of pathological and disease conditions, including immunological disorders and cancers.
The PLCγ1-SH3 is known to be involved in interaction with several proteins, regulating a number of
cellular processes. It has been proposed as an important target domain for the design of anti-PLCγ1
agents. The occupied binding site of PLCγ1-SH3 prevents the interaction of PLCγ1 with the target
adaptor proteins, thus leading to the modification of cellular responses including cell proliferation,
differentiation of cell death. Therefore, identification of compounds which can efficiently and stably
bind to PLCγ1-SH3 was undertaken through computer aided drug design (CADD) study.

A systematic virtual screening was performed by employing a pharmacophore mapping based
on the SLP76 peptide, molecular docking and molecular dynamics (MD) simulations. In this process,
a large collection of 227,228 compounds was evaluated against the pharmacophore filtering which
helped to identify 2734 compounds with potential features to bind at the PLCγ1-SH3. These molecules
were then submitted to molecular docking in an increasing degree of precision, shortlisting sixteen
compounds. Under static conditions, they exhibited a significant degree of binding affinity and
important molecular recognitions with the PLCγ1. To evaluate the binding of the identified hits to
PLCγ1 under dynamical conditions, MD simulations in triplicate were undertaken for each of the 16
complexes. System stability and binding energy analyses helped to identify compounds IN1, IN2,
IN3, IN5, IN6, IN8, and IN10 (Figure 6) as promising candidates for inhibiting the interaction of
PLCγ1 with its target proteins as they exhibit a stable binding at PLCγ1-SH3. Additionally, identified
important molecular recognitions can help to streamline drug discovery against PLCγ1. Residues
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which participated in the stable binding of inhibitors to the protein are Gln805, Arg806, Asp808,
Glu809, Asp825, Gly827, and Trp828. These results are in agreement with the reported experimental
data [16]. To the best of our knowledge, this work is the first report of a systematic application of
CADD for identification of inhibitors against PLCγ1. These molecules can be taken up further for
in vitro evaluation of their PLCγ1 inhibiting effect.

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/19/
4721/s1.
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Abstract: Many studies have provided evidence suggesting that caspases not only contribute to
the neurodegeneration associated with Alzheimer’s disease (AD) but also play essential roles in
promoting the underlying pathology of this disease. Studies regarding the caspase inhibition draw
researchers’ attention through time due to its therapeutic value in the treatment of AD. In this
work, we apply the “Movable Type” (MT) free energy method, a Monte Carlo sampling method
extrapolating the binding free energy by simulating the partition functions for both free-state
and bound-state protein and ligand configurations, to the caspase-inhibitor binding affinity study.
Two test benchmarks are introduced to examine the robustness and sensitivity of the MT method
concerning the caspase inhibition complexing. The first benchmark employs a large-scale test set
including more than a hundred active inhibitors binding to caspase-3. The second benchmark
includes several smaller test sets studying the relative binding free energy differences for minor
structural changes at the caspase-inhibitor interaction interfaces. Calculation results show that the
RMS errors for all test sets are below 1.5 kcal/mol compared to the experimental binding affinity
values, demonstrating good performance in simulating the caspase-inhibitor complexing. For better
understanding the protein-ligand interaction mechanism, we then take a closer look at the global
minimum binding modes and free-state ligand conformations to study two pairs of caspase-inhibitor
complexes with (1) different caspase targets binding to the same inhibitor, and (2) different polypeptide
inhibitors targeting the same caspase target. By comparing the contact maps at the binding site of
different complexes, we revealed how small structural changes affect the caspase-inhibitor interaction
energies. Overall, this work provides a new free energy approach for studying the caspase inhibition,
with structural insight revealed for both free-state and bound-state molecular configurations.

Keywords: caspase inhibition; protein-ligand binding free energy; Monte Carlo sampling; docking
and scoring; molecular conformational sampling

1. Introduction

Alzheimer disease (AD) is a neurodegenerative disorder characterized by the neuronal and
synaptic loss as well as the accumulation of β-amyloid plaques and neurofibrillary tangles (NFTs)
within selective brain regions. Yet its cause, time course or mechanisms are still not well understood [1–4].
Scientists have proven that the programmed cell death pathway, also known as apoptosis, plays a
significant role in the pathogenesis of age-related neurodegenerative diseases, particularly in AD [2,5–7].
Caspases, a family of serine-aspartyl proteases, are involved in the initiation and execution of apoptosis.
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They are known to exist in our cells as inactive precursors which kill the cell once activated and lead to
the proteolytic cleavage of several neuronal proteins including tau, APP, presenilin (PS1, PS2), actin,
fodrin, etc. Therefore, caspases are believed to be critically related to the pathogenesis of AD [4,8–11].
Many research results have been published to elucidate the correlation between AD pathogenesis and
caspases family members, mostly caspases-2, 3, 6, 7, 8 and 9 [2,12–19]. These studies suggest that
preventing caspase activation may be a promising therapeutic for the treatment of AD. The activation
or the activity of the caspases can be regulated in two ways: (1) specific molecules such as Bcl-2, FLIP or
IAPs can be used to control the processing and activation of a caspase; (2) a number of molecules that
directly interact with a caspase can be used to inhibit the proteases that have already been activated.
These molecules are called caspase inhibitors [20–24]. Various caspase inhibitors, including small
molecules, peptidomimetic and peptide compounds, have been designed to study the relationship
between caspases and other factors involved in apoptosis.

Structure-based drug design using high-performance computers have long played important roles
in the de novo drug/biomolecule discovery studies. The long-pursued essential of structure-based drug
design is the estimation of the free energy change associated with the binding process of a ligand to a
biochemical system, for which the calculation speed and accuracy are both crucial [25–27]. A number
of free energy estimation methods have been developed, including end-point methods, pathway-based
free energy calculations, and pathway-independent free energy methods. The end-point methods for
free energy estimation (e.g., docking, molecular mechanics combined with the Poisson−Boltzmann
or generalized Born and surface area continuum solvation (MMPBSA or MMGBSA)) are relatively
fast, but the single static structure which they usually rely on often leads to the neglect of the
receptor flexibility and thus compromise the calculation accuracy [28–31]. The pathway-based free
energy methods, which can be broadly categorized into alchemical and potential of mean force
approaches, are usually computationally expensive due to the extensive sampling required to estimate
the binding free energies [32–34]. The alchemical approaches use the thermodynamic cycle built
with nonphysical intermediate states to compute the free energy differences between the end states.
The two most commonly used alchemical free energy methods are Free energy perturbation (FEP) [35]
and thermodynamic integration (TI) [36]. The potential of mean force (PMF) approach [37–39],
with umbrella sampling coupled with the WHAM (weighted histogram analysis method) analysis,
is one of the most widely adopted PMF approaches [40]. Other than the high computational cost
caused by the intensive sampling, the pathway free energy methods are also limited by simulation
time scales. Constitutionally, the underlying force field has a powerful hold on the accuracy of
all free energy estimation methods, leaving improvements in all these methods an active area of
research [41–43]. On the other hand, the pathway-independent free energy methods, e.g., Monte Carlo
free energy sampling methods, use Markov model for the molecular configurational-state sampling.
Such methods could potentially gain significant speed benefits from parallel computing according to
their stochastic sampling protocols, which also avoids the difficulty of crossing the energy barriers
during simulations in the pathway-based methods. However, to generate a converged energy ensemble
takes no less computational effort compared to the pathway-based methods. Capturing the significant
configurational states are crucial for the pathway-independent free energy methods, which require
thorough and careful sampling against the energy landscape.

In this research, we used the Movable Type (MT) free energy method, a novel Monte Carlo free
energy algorithm developed by our group to evaluate the binding affinity between a variety of caspase
inhibitors and their caspase targets [44]. By comparing the binding free energies and the predicted
significant binding modes calculated by our simulation model to those obtained from experiments,
we could validate the accuracy of our model against this particular protein target family, and provide
potential theoretical support for the future development of the therapeutic intervention for AD.
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2. Results and Discussion

The goals of this research are (1) to examine the accuracy of Movable Type free energy method
in calculating the binding free energy between different caspase targets and various inhibitors,
and (2) to apply the MT method to the structural analysis of the caspase-inhibitor binding mechanism.
The results could provide theoretical support to proceed further study the feasibility of applying the
Movable Type Free Energy Method to design caspase ligand inhibitors, which are closely related to
Alzheimer’s disease.

Two different test benchmarks were introduced in this work. First, a relatively large test set
was studied to obtain a general picture of the MT method’s performance to differentiate the binding
affinities of a large variety of ligand structures binding to the caspase-3 protein target (the caspase target
having the most significant number of ligands with known binding affinities). Then we performed
a series of relative binding free energy reproduction studies to carefully examine the MT binding
affinity prediction regarding (1) ligands of different structural categories bound to specific targets,
and (2) ligands from the same structural category bound to different caspase targets, for more detailed
computational study of the caspase-ligand bindings.

2.1. Large-Scale Validation Benchmark

The first benchmark includes structures and IC50 data (which can be converted to binding
free energy via approximation) of 113 small molecular ligands bound to the caspase-3 target that
are proven to have binding affinities, published on DUD-E data website (http://dude.docking.org/).
The DUD-E website provides several hundred structures of small molecules that actively bind to
caspase-3. After screening, redundancy structures, as well as structures with high molecular weights
(MW) (>1000 Da) or high degrees of freedom (>1000 rotatable bonds) were abandoned, with the rest
113 active ligands forming the test set used in our validation. Ligand structures were prepared by
adding the missing hydrogen atoms, Missing residues at the caspase-3 target protein were added and
locally optimized before the calculation. The active compounds’ IC50 data collected from the DUD-E
website were transferred to pIC50 values and further approximated to the binding free energies by
assigning the unit of energy:

∆Gbinding = RT ln Kd ≈ RT ln IC50 = −RT × e
10
× pIC50 (1)

where R is the gas constant and T is temperature in Kelvin, which is set to 298.15 K in this work; e is
the base of the natural logarithm.

IC50 is strongly related to the inhibitor’s binding affinity, and also affected by other factors as
the substrate’s and receptor’s concentrations. The inhibitor’s binding affinities can be approximated
as pIC50 values when the substrate’s concentration is very small. On one hand, IC50 data are more
easily accessible compared to Ki or Kd data from the public databases [45], being popular for the
large-scaling binding affinity prediction evaluations provided by many widely used databases like
BindingDB [45,46], DUD-E [47] and ChEMBL [48], etc. On the other hand, not all experimental IC50
values are comparable to the binding affinity data if without small enough substrate concentrations [49],
plus that different experimental IC50 values have been found regarding the same protein-ligand
complex system [50], indicating reliability issues for using the public databases in the calculation
evaluations. Despite the aforementioned issues, IC50 data are still broadly used in the virtual screening
and binding affinity simulation studies [51–53], partly because of the limited accessible Ki or Kd

data, and also because the substrate’s or receptor’s concentration-related terms can be cancelled out
(Equation (2)) when comparing the relative binding affinities of those protein-ligand complex systems
with the same mechanism of inhibition e.g., virtual screening study targeting the same receptor’s
binding site (Equation (3)).

Ki,1

Ki,2
=

IC50,1

IC50,2
(2)
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∆∆G1,2 = ∆G1 − ∆G2 = (−RT ln Ki,1) − (−RT ln Ki,2) = (−RT ln IC50,1) − (−RT ln IC50,2) (3)

The MT protocol was utilized to perform the virtual screening. The calculation results were shown
in Figure 1 together with the experimental RTlnIC50 data generated using Equation (1). As active
compounds, all the ligands in this test set are relatively tight binders, with the binding affinity
distributed between −8 to −14 kcal/mol and mostly ranged between −8 to −12 kcal/mol. Statistics of
this calculation approach showed an RMSE as 0.746 kcal/mol, the r2 coefficient as 0.552 and Kendall’s
tau correlation as 0.506, revealing a good prediction accuracy and ranking capability of the MT method
against the large-scaling caspase-3 target-ligand virtual screening test set (Figure 1). Introducing
the first test benchmark revealed a general picture of the binding affinity prediction using the MT
method against a large number of active small molecules, with diverse structural features, bound to the
caspase-3 target. Further explorations including relative binding affinity difference study referencing
minor structural changes and structural based protein-ligand interaction interface analysis were also
carried out to examine the reliability of the MT protocol against the caspase-ligand binding prediction.
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Figure 1. Scattered plot comparing binding free energy calculated by Movable Type Method to
experimental data for the DUD-E CASP3 test set (Table S1).

2.2. Test Benchmark Studying the Binding ∆∆G Regarding the Structural Changes at the Binding Interface

In the second test benchmark, we employed a series of smaller test sets with high quality
protein-ligand crystal structures, and carefully categorized ligands according to their structural
similarities, so that we can further explore the binding affinity prediction accuracy by using the MT
method, its sensitivity against local structural changes at the protein-ligand interaction interfaces,
and even more, the potency of applying this method to the inverse docking study related to the
caspase inhibitors.

In this test benchmark, protein-ligand complex crystal structures were selected from the Protein
Data Bank (PDB) and categorized into three test sets according to the ligand structural features. The first
test set aimed to study the relative binding free energy changes of different ligands bound to the same
protein target. Given the same target and same binding site residue environment, it was important to
explore the capability of the MT method to differentiate the binding affinity against minor to major
changes concerning the ligand structures. Caspase-3, as one of the most important AD related target,
was selected as the protein target in this test benchmark as well for the relative binding affinity study.

16 caspase-3 inhibitors were selected from the Protein Data Bank and categorized into two
sub-groups based on their structural characteristics: inhibitors with no amino acid structures while
having MWs less than 500 Da were selected to the small molecule inhibitors sub-group; inhibitors
containing polypeptide backbones with natural or unnatural amino acids were classified to the
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peptidomimetic inhibitors sub-group. The results of applying the MT method to calculate the binding
free energy were listed in Tables 1 and 2 below:

Table 1. Comparison of the binding free energy calculated by Moveable Type to that obtained from
experiment for the caspase-3—small molecule inhibitor test set.

PDB ID Ligand Ligand Mass
(Da)

Experimental ∆G
(kcal/mol)

Calculated ∆G
(kcal/mol)

3h0e
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Table 2. Comparison of the binding free energy calculated by Moveable Type to that obtained from
experiment for the caspase-3—peptidomimetic molecule inhibitor test set.

PDB ID Ligand Ligand Mass
(Da)

Experimental ∆G
(kcal/mol)

Calculated ∆G
(kcal/mol)

1rhu 5,6,7 tricyclic peptidomimetic 638.69 −11.61 −10.88
1rhr Cinnamic acid methyl ester 651.14 −11.04 −10.79
1rhj Pryazinone 574.69 −10.96 −11.02

4jje ACE-1MH-ASP-B3L-HLX-1U8 (Unnatural
amino acid peptides) 838.94 −10.41 −10.90

2h5i Ac-DEVD-Cho 504.49 −12.11 −11.18
2h5j Ac-DMQD-Cho 535.57 −10.779 −11.06
4jr0 Ac-DEVD-CMK 552.96 −11.17 −11.26
3gjt Ac-IEPD (Diverse P4 Residues in Peptides) 498.13 −9.23 −9.44

The small molecule subgroup contains ligands with more spread-out binding affinities while
inhibitors in the peptidomimetic inhibitor subgroups are all tight binders. Binding affinity predictions
using the MT method were illustrated in Figure 2 to compare with the experimental data. Against the
small molecule subgroup, the MT method reproduced an RMSE as 1.242 kcal/mol, r2 correlation
coefficient as 0.501, and Kendall’s tau as 0.357. Regarding the peptidomimetic inhibitor subgroup,
the MT calculation results had an RMSE as 0.479 kcal/mol, r2 coefficient as 0.655, and Kendall’s tau as
0.444 compared to the experimental data. Calculation against the peptidomimetic inhibitor subgroup
were generally better than the small molecule subgroup. By merging the two subgroups, we also looked
at the MT calculation performance against the total caspase3-ligands test set. For all the 16 different
ligands bound to the caspase3 target, we generated an RMSE as 0.920 kcal/mol, r2 coefficient as 0.647,
and Kendall’s tau as 0.559.
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In the caspase-3-Inhibitor test set, the ligands’ MWs varied from 301.09 to 838.94 Da, with an r2 
correlation as 0.314 with the binding affinity distribution, compared to the MT calculation results 
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Figure 2. Scattered plots comparing the binding free energy calculated by Moveable Type to
experimental data for the caspase-3-Inhibitor test set. (A) All the test cases. (B) small molecule
inhibitors sub-group. (C) peptidomimetic inhibitor sub-group.

In the caspase-3-Inhibitor test set, the ligands’ MWs varied from 301.09 to 838.94 Da, with an
r2 correlation as 0.314 with the binding affinity distribution, compared to the MT calculation results
whose r2 coefficient as 0.647 regarding the experimental data. The MT method is not ligands’ MW
dependent, according to this validation. Regarding this test set, the absolute errors of all the MT
calculation results were lower than 2.5 kcal/mol for all the 16 complexes, 15 predictions had the absolute
errors lower than 2 kcal/mol; 13 predictions had the absolute errors lower than 1 kcal/mol. A generally
good binding affinity prediction against the caspase-3-Inhibitor test set were revealed by using the MT
free energy protocol.

Hereby we used one example, namely 1gfw, to illustrate the sampled significant ligand’s
conformations in the free state and the docked poses in bound state, and the calculated ensemble energies
in both free and bound state, to further demonstrate how the MT computational protocol worked.

1gfw contains a relatively small ligand with 5 heavy-heavy atom rotatable bonds. The MT-CS
conformational search program generated 134 distinguished conformers and calculated their
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conformational energies in the solution phase by employing the KMTSIM solvation model. The top
9 ligand conformers according to their energy ranking were shown in Figure 3, with their energy
distribution shown in Figure 4. The free-state ligand’s partition function, ZL was in-turn calculated
using Equation (6). ZL was a very big number as the sum of all the ligand’s conformational local
partition functions, which was shown as −RT log (ZL) in this work for better revealing its physical
meaning. The MT-CS calculation had −RT log (ZL) = −3.99 kcal/mol, representing the ensemble energy
of the free-state ligand’s conformations, an energy barrier that the binding process had to overcome.

The heatmap docking method generated 115 unique docked poses for this protein-ligand complex.
The best docked ligand pose had a structural RMSD as 2.08 Å compared to the ligand’s crystal structure.
We showed the top 9 docked complex poses in Figure 5, and the protein-ligand binding interaction
energies in Figure 6. ZPL was calculated using Equation (7) summing all the complexes’ configurational
local partition functions. −RT log (ZPL) = −14.33 kcal/mol was generated as the ensemble energy of
the complex considering all the 115 binding conformations in the solution phase. So that we derived
the final binding free energy using Equation (8). The ∆Gbinding was then calculated as −14.33 kcal/mol
− (−3.99 kcal/mol) = −10.34 kcal/mol.
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Figure 5. The top 9 significant binding modes for the 1gfw caspase-3-inhibitor complex, indexed from
0 to 9. All the binding modes are generated by using the heatmap docking method. The best docked
ligand pose (in cyan) is shown together with the crystal ligand (in pink) in Figure 5-0 in the middle,
with a structural RMSD as 2.08 Å.
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Given the success of the first test set, we were encouraged to expand our study on other caspase
targets. Polypeptide inhibitors were found with better selectivity and more effective compared to the
small molecular inhibitors against the caspase targets, which gradually drew researchers’ attention
through time. In this work, we studied the polypeptide inhibitors with similar structures binding to
different caspase targets, to explore the performance of the MT method reproducing the small relative
binding affinity differences among the test cases.

We collected the crystal structures and binding affinity data of 15 different caspase-polypeptide
inhibitor complexes from the Protein Data Bank. The MT protocol was applied to reproduce the
binding affinities and significant binding modes reproductions. The calculation results agreed quite
well with the experimental data and generated a RMSE as 0.733 kcal/mol, an r2 coefficient as 0.752,
and a Kendall’s tau as 0.651 (Table 3). In the first and second test benchmarks, we focused on different
ligands binding to the same caspase target. Within this test set, we particularly examined the cases
with the same inhibitor binding to different caspase targets.

Table 3. Binding free energy calculation results by using the MT protocol against the caspase-polypeptide
complexing test set.

PDB ID Caspase Target Peptide Ligand Experimental ∆G
(kcal/mol)

Calculated ∆G
(kcal/mol)

2h5j caspase-3 Ac-DMQD-Cho −10.78 −11.06
2ql5 caspase-7 Ac-DMQD-Cho −11.04 −12.72
2ql9 caspase-7 Ac-DQMD-Cho −12.30 −12.51
2qlf caspase-7 Ac-DNLD-Cho −12.06 −12.26
2qlb caspase-7 Ac-EMSD-Cho −8.03 −8.46
2ql7 caspase-7 Ac-IEPD-Cho −8.53 −8.16
1f1j caspase-7 Ac-DEVD-Cho −11.99 −10.74
2h5i caspase-3 Ac-DEVD-Cho −12.11 −11.18
4jr0 caspase-3 Ac-DEVD-CMK −11.17 −11.26
3r7b caspase-2 Ac-DVAD-Cho −8.38 −8.42
3r5j caspase-2 Ac-ADVAD-Cho −9.48 −9.72
3r6g caspase-2 Ac-VDVAD-Cho −10.36 −10.68
3gjt caspase-3 Ac-IEPD −9.23 −9.44
1f9e caspase-8 Phq-DEVD −11.86 −10.49
4jje caspase-3 Ac-1MH-ASP-B3L-HLX-1U8 −10.41 −10.90

Hereby we looked at two pairs of complex structures as representative examples, to examine how
the small structural differences at the binding interfaces affecting the binding affinities between the
caspase targets and polypeptide inhibitors.

First, we compared the calculation results between 2h5i and 1f1j, two complexes with the
same peptide ligand, Ac-DEVD-Cho, targeting different caspase receptors, caspase-3, and caspase-7.
The global minimum binding modes for both of the complexes provided us a clear view of their
protein-ligand interaction maps. By using the MT protocol, the global minimum binding mode for the
caspase-3-Ac-DEVD-Cho complex had a structural RMSD as 1.17 Å, and the global minimum binding
mode for the caspase-7-Ac-DEVD-Cho complex had a structural RMSD as 1.44 Å, both compared to
their corresponding crystal structures.

Both caspase-3 and caspase-7 targets had clip-shaped binding sites with similar volumes occupied
by the polypeptide inhibitor, Ac-DEVD-Cho, according to the highlighted area in Figures 7 and 8.
Both binding sites used short amino acid chains to form a series of backbone-backbone hydrogen
bonds stabilizing the polypeptide inhibitor, i.e., S205, R207 and S209 at the caspase-3 binding site
formed 4 hydrogen bonds with the Asp, Val, Glu backbone residues and the acetyl capping group of
the polypeptide inhibitor respectively; S231, R233, and Q276 forms 4 hydrogen bonds with the Asp,
Val, Glu, and Asp backbone residues as well. W206 and Y204 from caspase-3 applied bulky aromatic
side-chain structures to limit the flexibility of the polypeptide inhibitor by holding its Valine side chain
in between. Similarly, caspase-7 used the indole side chain of W232 and the phenol side chain of Y230
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to drag the ligand’s valine side chain by forming a C-H/π interaction. Several other residues at the
protein’s clip-shaped binding site also stabilize the target-inhibitor complex by forming hydrogen
bonds with the side chain and capping groups of Ac-DEVD-Cho. At the caspase-3 binding site, W214,
S249, and N208 formed hydrogen bonds with the carboxyl side chain of the acetyl capped aspartic
acid residue; R207 formed a hydrogen bond with the carboxyl group from the glutamic acid side
chain; R64, Q161 and R207 formed hydrogen bonds with the aldehyde capped aspartic acid side chain;
and G122 formed a hydrogen bond with the aldehyde capping group on the ligand. On the other
hand, at the caspase-7 binding site, S234, W240 and Q276 formed hydrogen bonds with the carboxyl
side chain of the inhibitor’s acetyl capped aspartic acid residue; N88 formed a hydrogen bond with
the carboxyl group from the glutamic acid side chain; R87, Q184 and R233 formed hydrogen bonds
with the aldehyde capped aspartic acid side chain; and R87 also formed a hydrogen bond with the
aldehyde capping group on the ligand.

With quite similar interaction maps, the MT protocol generated very close protein-ligand interaction
energies of these two global-minimum binding modes. The caspase-3-Ac-DEVD-Cho binding mode
had −163.92 kcal/mol for the protein-ligand interface contact energy and the caspase-7-Ac-DEVD-Cho
binding mode had −159.73 kcal/mol as its own. It also led to quite similar binding affinity predictions,
with −11.18 kcal/mol for 2h5i and −10.74 kcal/mol for 1f1j.
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interaction interface at the caspase-3 binding site. The green ribbon on the bottom right shows the 

Figure 7. The global minimum docked pose (cyan) together with the crystal ligand conformation (pink)
for Ac-DEVD-Cho bound to caspase-3. The orange surface on the left shows the area of interaction
interface at the caspase-3 binding site. The green ribbon on the bottom right shows the locations of the
residues having close contact (within 3 Å) with the global minimum docked pose. All residues having
close contact with the global minimum Ac-DEVD-Cho pose are shown in the picture on the top right.
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Another comparison study focused on the two complexes with the PDBID 2ql9 and 2qlb, using 
the same target protein: caspase-7, binding to two different polypeptide inhibitors: Ac-DQMD-Cho 
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seize the peptide inhibitor by a series of hydrogen bonds. S231, W232, R233 and S234 formed four 
hydrogen bonds with both of the peptide inhibitors’ backbone structures respectively. Also, the 
caspase-7 receptor prepared Y230, W232 and F282 with their aromatic side chains to stabilize the two 
inhibitors with the C-H/π interactions. Meanwhile, by introducing the R87, Q184 residues to form 
hydrogen bonds with the carboxyl groups from the glutamic acid, and the aldehyde capping groups 
respectively, and by using the Q276 residue to form a hydrogen bond with the acetyl capping groups, 
the caspase-7 receptor further locked both of the peptide inhibitors at the binding site (Figure 9). 

The main reason causing the interaction energy difference for the two inhibitors lay in that the 
glutamine residue from Ac-DQMD-Cho formed two more hydrogen bonds with the amide group on 
the R233 residue from the caspase-7 binding site. On the other hand, the side chain of the serine from 
Ac-ESMD-Cho was too short to stretch out to form such hydrogen bonds. It resulted in the ~10 
kcal/mol interaction energy difference between these two global minimum binding modes, with the 
protein-ligand contact energy as −201.01 kcal/mol for 2ql9 and that as −190.78 kcal/mol for 2qlb. On 
the other hand, the free-state ligand’s ensemble energy for Ac-DQMD-Cho was −12.217 kcal/mol and 
that for Ac-ESMD-Cho was −9.18 kcal/mol. It showed that Ac-DQMD-Cho was slightly more favored 
in the water-solvated free state than Ac-ESMD-Cho, also indicating that the more flexible structure 
of Ac-DQMD-Cho restored larger configurational entropy compared to Ac-ESMD-Cho. However, 
the slightly increased protein-ligand complexing barrier for Ac-DQMD-Cho did not stop it from 
earning ~4kcal/mol more preferred binding free energy compared to Ac-ESMD-Cho. 

Figure 8. The global minimum docked pose (cyan) together with the crystal ligand conformation (pink)
for Ac-DEVD-Cho bound to caspase-7. The orange surface on the left shows the area of interaction
interface at the caspase-7 binding site. The green ribbon on the bottom right shows the locations of the
residues having close contact (within 3 Å) with the global minimum docked pose. All residues having
close contact with the global minimum Ac-DEVD-Cho pose are shown in the picture on the top right.

Another comparison study focused on the two complexes with the PDBID 2ql9 and 2qlb, using the
same target protein: caspase-7, binding to two different polypeptide inhibitors: Ac-DQMD-Cho and
Ac-ESMD-Cho. Similarly, in both cases, the caspase target provided a short amino acid chain to seize
the peptide inhibitor by a series of hydrogen bonds. S231, W232, R233 and S234 formed four hydrogen
bonds with both of the peptide inhibitors’ backbone structures respectively. Also, the caspase-7 receptor
prepared Y230, W232 and F282 with their aromatic side chains to stabilize the two inhibitors with the
C-H/π interactions. Meanwhile, by introducing the R87, Q184 residues to form hydrogen bonds with
the carboxyl groups from the glutamic acid, and the aldehyde capping groups respectively, and by
using the Q276 residue to form a hydrogen bond with the acetyl capping groups, the caspase-7 receptor
further locked both of the peptide inhibitors at the binding site (Figure 9).

The main reason causing the interaction energy difference for the two inhibitors lay in that the
glutamine residue from Ac-DQMD-Cho formed two more hydrogen bonds with the amide group
on the R233 residue from the caspase-7 binding site. On the other hand, the side chain of the serine
from Ac-ESMD-Cho was too short to stretch out to form such hydrogen bonds. It resulted in the
~10 kcal/mol interaction energy difference between these two global minimum binding modes, with the
protein-ligand contact energy as −201.01 kcal/mol for 2ql9 and that as −190.78 kcal/mol for 2qlb. On the
other hand, the free-state ligand’s ensemble energy for Ac-DQMD-Cho was −12.217 kcal/mol and that
for Ac-ESMD-Cho was −9.18 kcal/mol. It showed that Ac-DQMD-Cho was slightly more favored
in the water-solvated free state than Ac-ESMD-Cho, also indicating that the more flexible structure
of Ac-DQMD-Cho restored larger configurational entropy compared to Ac-ESMD-Cho. However,
the slightly increased protein-ligand complexing barrier for Ac-DQMD-Cho did not stop it from
earning ~4 kcal/mol more preferred binding free energy compared to Ac-ESMD-Cho.
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Figure 9. Illustrations of the caspase-7 binding site with Ac-DQMD-Cho (pictures on the left) and Ac-
ESMD-Cho (pictures on the right). The global minimum docked pose (cyan) are shown together with 
the crystal ligand conformation (pink). Orange regions on both binding sites shows the difference of 
the contacts areas. The green ribbons also indicate more residues from the caspase-7 binding site 
having significant contact with Ac-DQMD-Cho compared to Ac-ESMD-Cho. Pictures on the bottom 
show that the glutamine residue from Ac-DQMD-Cho forms extra hydrogen bonds to the R233 
residue at the caspase-7 binding site, while no hydrogen bond can be found at the same location for 
the caspase-7-Ac-ESMD-Cho complex. 

3. Materials and Methods 

The MT method was first developed in our lab in 2013 [44]. Further refinement was later on 
published in 2018 [54]. Since the detailed illustrations, thorough validations and calculation 
comparisons with other top-notch methods can be found in our previous publications, and our focus 
in this work is the MT method validation and application regarding the caspase inhibition instead of 
a methodology demonstration, only a brief introduction of this method was included in this paper. 

Figure 9. Illustrations of the caspase-7 binding site with Ac-DQMD-Cho (pictures on the left) and
Ac-ESMD-Cho (pictures on the right). The global minimum docked pose (cyan) are shown together
with the crystal ligand conformation (pink). Orange regions on both binding sites shows the difference
of the contacts areas. The green ribbons also indicate more residues from the caspase-7 binding site
having significant contact with Ac-DQMD-Cho compared to Ac-ESMD-Cho. Pictures on the bottom
show that the glutamine residue from Ac-DQMD-Cho forms extra hydrogen bonds to the R233 residue
at the caspase-7 binding site, while no hydrogen bond can be found at the same location for the
caspase-7-Ac-ESMD-Cho complex.

3. Materials and Methods

The MT method was first developed in our lab in 2013 [44]. Further refinement was later on
published in 2018 [54]. Since the detailed illustrations, thorough validations and calculation comparisons
with other top-notch methods can be found in our previous publications, and our focus in this work is
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the MT method validation and application regarding the caspase inhibition instead of a methodology
demonstration, only a brief introduction of this method was included in this paper.

The MT method simplifies the molecular energy state simulation and reduces the computational
complexity by separating the sampling of the molecular states into samplings of independent
atom pairwise contacts during molecular movements. In a molecular system, each atom possesses
independent degree of freedom for its movement, hence the free energy change of a molecule can be
simulated using the free energy changes of all the atoms in this molecular system. Given that all atoms
are allowed a small movement range, the MT method assumes that every pairwise work on atom A
from another atom i is independent from each other. Since every atom, including atom A and every
atom i, possesses its own moving degrees of freedom, all the atom A-i pairwise energy states can be
extrapolated using the EAi vector, where τ0

Ai represents the atom A-i relative coordinate from the input
structure, and ∆τ is their geometric deviation step unit with a sampling range (±n∆τ).

EAi =
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(4)

All energy states for atom A from the atom A-i relative coordinate change can be generated using
the reversible work on atom A from atom i during their movement. The atom pairwise reversible work
is calculated as the sum of the work on three orthogonal directions (x, y and z directions) with respect
to all the atom A-i pairwise energy changes. Equation (5) illustrated the calculation of the pairwise
reversible work regarding atom A along the x axis.

Ex
A =

N−1∑
i

FAi × cos(θAi)∆r

=


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. . .




∆r
(5)

where FAi represents the vector of forces regarding atom A-i with their pairwise distances ranged from
r1

Ai to rn
Ai; θAi is the collection of angles of inclination of all the i-A vector (Figure 10) regarding the x

axis. ∆r is the sampling step unit. FAi × cos(θAi)∆r generates all the atom A-i pairwise energy states.
Ex

A is the ensemble of work on atom A from all the surrounding atoms along the x axis.
In this work, we set the distance sampling range (r1

Ai to rn
Ai) as 1 Å, angle sampling range (θ1

Ai to θn
Ai)

as 30 degrees, and ∆r as 0.005 Å. The reversible work on atom A is calculated in all the three orthogonal
directions and summed as in Equation (6).

EA = Ex
A + Ey

A + Ez
A (6)
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binding mode energy states. In the present study we only performed the ligand conformational 
sampling and the protein-ligand binding mode sampling by considering the flexibility of the ligand 
structures and the protein binding site residues while keeping the rest of the protein geometry fixed. 
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associated with inclusion of protein flexibility will significantly increase the computational burden, 
while (2) having limited contributions to the computational accuracies regarding relative binding 
affinities studies using identical or similar protein target, due to that the PLZ/  values are very similar 
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In-house programs developed in our group are introduced to perform such tasks. For the free-
state calculation, the MT-CS conformational search program [55] was introduced to generate 
significant free-state molecular conformations with reference to the molecular flexibility. The MT-CS 
conformational search program generated ligand conformers using a torsion library with pre-
calculated torsion energies using the GARF energy model [56], the solvation free energy was 
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The partition function (Z) for atom A can be generated as:

ZA = exp
(
− 1

RT
EA

)
(7)

For all atoms in the selected molecular system, the atomic ensemble energies are calculated
separately to ensure that the molecular local partition function can be numerically calculated for each
atomic movement in its given sampling range.

ZM = ZA ×ZB ×ZC × · · · (8)

By feeding the MT protocol with multiple molecular configurations, local molecular partition
functions ZM can be calculated using Equation (8) for estimation of the free energy. Regarding the
protein-ligand binding affinity study, conformations for both free and bound states are generated using
the Monte Carlo sampling protocols followed by local minimizations. The free state molecular system
includes unbound ligand and protein in the solution phase. ZL and ZP are their corresponding partition
functions which are necessary for the binding free energy calculation. On the other hand, the bound
state molecular system includes the protein ligand molecules in the complex form in the solution.
ZPL is the bound state partition function containing all the protein-ligand binding mode energy states.
In the present study we only performed the ligand conformational sampling and the protein-ligand
binding mode sampling by considering the flexibility of the ligand structures and the protein binding
site residues while keeping the rest of the protein geometry fixed. The protein conformational sampling
is skipped because (1) the massive degrees of freedom associated with inclusion of protein flexibility
will significantly increase the computational burden, while (2) having limited contributions to the
computational accuracies regarding relative binding affinities studies using identical or similar protein
target, due to that the ZPL values are very similar among all the test cases.

In-house programs developed in our group are introduced to perform such tasks. For the
free-state calculation, the MT-CS conformational search program [55] was introduced to generate
significant free-state molecular conformations with reference to the molecular flexibility. The MT-CS
conformational search program generated ligand conformers using a torsion library with pre-calculated
torsion energies using the GARF energy model [56], the solvation free energy was calculated using the
KMTISM model [57]. The MT protocol was then applied to each ligand conformer to estimate the local
partition function ZL. The ligand’s total partition function was then generated using all the MT-CS
sampled configurational ensemble energies in Equation (9).

ZL =

NL con f ormation∑

α

ZαL = Z1
L + Z2

L + · · ·+ ZN
L (9)
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The Heatmap docking program [44] was employed for the bound state configuration sampling
in this work. The bound-state protein-ligand complex ensemble energy is calculated using the same
protocol by summing all the local partition functions.

ZPL =

NPL con f ormation∑

α

ZαPL = Z1
PL + Z2

PL + · · ·+ ZN
PL (10)

The binding free energy change was then estimated by using the ratio of partition functions in
bound and free states. The whole calculation protocol is also illustrated in Figure 11.

∆Gbinding ≈ −RT log
(ZPL

ZL

)
(11)

In this work, we utilized the MT free energy protocol briefed above for the caspase-inhibitor
binding affinity study. All related codes and data can be obtained by contacting the authors for
validation and review purpose only.
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4. Conclusions

We applied our newly developed Movable Type free energy protocol to the caspase-inhibitor
complexing study. Using a Monte Carlo sampling approach, the MT method generated the significant
binding modes and calculated the binding free energies using the ratio of the partition functions
referencing the bound state and free state protein-ligand systems. Both the large-scaling and carefully
set-up small test sets were introduced to provide a comprehensive study regarding the robustness and
sensitivity of the MT protocol against such complexing systems. Results revealed good agreements of
the calculation predictions with the experimental binding affinities and the global minimum binding
modes. Through detailed case studies, we further illustrated the MT protocol mechanism for the free
energy extrapolation using a Monte Carlo based sampling method. Moreover, we also took a close look
at the global minimum binding mode structures to study how minor changes in the interaction interfaces
affecting the binding affinities and how with different interaction interfaces achieved similar binding
affinities. Generally, this work provided us useful computational information for the binding affinity
prediction using the MT protocol. Future studies including computation-experiment combinatorial
research can be expected for the structural based caspase inhibitor design. We also plan to apply the
MT protocol to the caspase inhibitor-related inverse docking study.
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Abstract: Scientists have to perform multiple experiments producing qualitative and quantitative data
to determine if a compound is able to bind to a given target. Due to the large diversity of the potential
ligand chemical space, the possibility of experimentally exploring a lot of compounds on a target
rapidly becomes out of reach. Scientists therefore need to use virtual screening methods to determine
the putative binding mode of ligands on a protein and then post-process the raw docking experiments
with a dedicated scoring function in relation with experimental data. Two of the major difficulties
for comparing docking predictions with experiments mostly come from the lack of transferability
of experimental data and the lack of standardisation in molecule names. Although large portals
like PubChem or ChEMBL are available for general purpose, there is no service allowing a formal
expert annotation of both experimental data and docking studies. To address these issues, researchers
build their own collection of data in flat files, often in spreadsheets, with limited possibilities of
extensive annotations or standardisation of ligand descriptions allowing cross-database retrieval. We
have conceived the dockNmine platform to provide a service allowing an expert and authenticated
annotation of ligands and targets. First, this portal allows a scientist to incorporate controlled
information in the database using reference identifiers for the protein (Uniprot ID) and the ligand
(SMILES description), the data and the publication associated to it. Second, it allows the incorporation
of docking experiments using forms that automatically parse useful parameters and results. Last,
the web interface provides a lot of pre-computed outputs to assess the degree of correlations between
docking experiments and experimental data.

Keywords: protein–ligand analysis; drug discovery and design; structure–activity relationships

1. Introduction

There is a booming demand to develop precision medicine products, that is, to design new drugs
targeting regular or pathological protein variants [1–3]. These targeted strategies are very promising for
the treatment of cancers and other diseases but are very challenging to set up [4]. First, it is necessary
to assemble the knowledge on biological processes of interest, in order to identify which protein should
be specifically targeted by new drugs [5]. Second, a review of known ligands, be them agonists or
antagonists, is essential to identify key binding motifs [6]. Last, when possible, one needs to gain as
much as possible insight into the protein three-dimensional structure obtained by crystallography or
NMR and the allostery associated with the protein [7].

It takes time and expertise to get a broad overview of the protein to target and of its specific
modifications related to a disease. The limitations in this process comes from the immense gap of
knowledge that individuals in one laboratory can apprehend, in comparison with the ocean of data
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available in scientific literature. Fortunately, in order to link the experimental activities of various
small chemical entities with their (protein) targets into databases, there is a strong ongoing effort to
organise these data logically by human experts, a process called curation. Once set up, these databases
can be queried via their web interface but also queried using dedicated programmatic access for batch
data retrieval [8,9].

An important limitation for gathering experimental results for a target comes from the
standardisation of experimental data, of target names and of small chemical entities. For example, it is
common practice to reference a molecule by a common name in a given laboratory, to use a chemical
name or to name it based on the biological process interrupted by the drug. These difference in protein
nomenclature is visible for the Tartget Of Rapamycin (mTOR) where the protein itself is referenced as
mTOR [10] but the protein name in Uniprot is Serine/threonine-protein kinase mTOR. This variety of
definitions for small chemical entities and protein targets is not important when people are working
closely together but this renders the comparison of data very difficult between laboratories.

Before being publicly available, either published or patented, compounds synthesized
or in tests have to stay private. In the meantime, the teams of biologists, chemists
and chemoinformaticians/structural biochemists need to collaborate to bring together their results in
a comprehensive and efficient way. This requirement of privacy and collaborative methodology starts to
be critical when the collaborators are split in different and sometimes geographically dispersed teams.

We have set up the dockNmine portal (http://www.ufip.univ-nantes.fr/tools/docknmine/)
to ease the data management, exchange and analysis of project-based medicinal chemistry studies.
The portal allows to manage private experimental data and private docking studies but also makes
use of public data when possible for homogenising proteins description and small molecules activities.
We now describe dockNmine organisation and implementation.

2. Results

The dockNmine home page is divided into six independent services to ease a logical workflow
for processing docking and experimental data (Figure 1A). After a broad overview of dockNmine
organisation, a detailed explanation of its services is provided in dedicated sections.

2.1. DockNmine Overview

The portal philosophy is directly inspired from funded-based projects, therefore it is designed
to isolate independent and confidential data from different users. This management by project
allows to assemble ligands, protein(s), docking and experimental data into a coherent ensemble,
via dedicated feature-control checks. Once registered and connected, the user can start a new project
or join an existing one. In both cases, either a private project or a shared project within a small group,
the connected used can start to organise his computational data using dockNmine services. We have
set up as an example a new project called “Target” created by the user “demo” by following the
workflow presented in Figure 1B.

The user can now use the Target tab (Figure 1A3) to add the description of its target from
a unique identifier, for example the Solute carrier family 2, facilitated glucose transporter member 1,
whose uniprot ID is P11166. A request is triggered on uniprot to retrieve its protein name, its description
and other parameters (Figure 2B). This protein is automatically added to the main project as its
first target. This transporter allows the exchange of glucose and is important for glucose supply
in brain and other organs [11–13]. The beta-D-glycopyranose is referenced under the ID 64689 in
PubChem, this ligand is added via the form provided under the Ligand tab (Figure 1A4) using the
“Add a ligand” link. The dockNmine request triggers a query on PubChem to download reference
ligand information and the file containing its three-dimensional structure in sdf format. This file is
processed using rdkit to generate additional descriptors. The summary page for known ligands shows
the result of this process (Figure 1D). Since the crystal structure of GLUT1 contains another ligand
(B-nonylglucoside), this ligand was also incorporated into dockNmine. These ligands were screened on
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the GLUT1 structure (PDB ID: 4PYP) using vina (see Supplementary Materials) and the output of vina
is incorporated using the Docking service. To upload a complete docking result, its structure file has to
be previously uploaded to the target but this step is more extensively described below (Figure 2D).
Once all mandatory parameters are present, the docking information is added to dockNmine (Figure 3).

Figure 1. Overview of dockNmine. (A) (1) Link to the documentation of each service; (2–7) access to
each service independently; (8) contact link; (9) login and registration links. A simple demonstration of
the functionalities is accessible upon connection using the demo account using the log-in glyphicon
(login: demo, password: demo) or by registering upon clicking on the briefcase; (B) Once connected,
the user can create or join a project where all his data will be assembled (rounded-corner rectangle),
he shall then add required protein and ligands (parallelogram) and link them to experimental data and
docking results (diamond).
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Figure 2. Automated target management in dockNmine for Solute carrier family 2, facilitated glucose
transporter member 1. (A) The screenshot presents a request for the retrieval of data for the Uniprot
ID P11166 and of known ligands from ChEMBL; (B) A condensed view of the targets for the project is
provided. Some glyphicons are provided to see the details of the entry (magnifier icon), to get detailed
statistics (histogram), to download existing data in csv format (circled arrow), to add a comment (pen)
or to add a three-dimensional structure for the target (orange arrow towards a cloud); (C) Detail of
a given entry; (D) If required, the user can upload one or many structures for the target. As structure
files can be processed in virtual screening experiments, only the structure file is mandatory, all other
fields being optional.
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Figure 3. Vina docking results import for the beta-D-glucose docked in the glucose transporter.
(A) Upon selection of the docking method, a dedicated form allows to link protein, ligand and docking
results. Detailed docking parameters must be provided to allow a further comparison of docking
profiles between experiments. If required, the plus glyphicon allows to add a target, a ligand or a target
structure prior to entering the docking results; (B) Detail of the docking analysis. This view indicates
the principal features of the docking method; (C) After docking processing, the cluster energy of vina
is transformed into kJ/mol, LE and SILE automatically, to ease comparison against other experiments
or other ligands; (D) Interactive graph depicting the discrete cluster and associated energy. This graph,
which can be easily downloaded as an image, allows a rapid overview of the docking energy dispersion
for the ligand.
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The validity of a virtual screening must be assessed by comparing its results with experimental
data. Some experimental data are already openly aggregated by entities like BindingBD or ChEMBL
but this information can be retrieved automatically during the target addition to dockNmine.
Though, there is a important amount of data impossible to share immediately, mostly coming from
internal experiments in the laboratory. The Experiment service allows to include data from the
laboratory and its partners without the need to disclose it too early. We have included into the demo
account a piperazin derivative where a cellular IC50 was determined of 50 nM is referenced in Binding
DB (ID 50155745) from the work of Siebeneicher and co-workers [14]. The structure file for this
compound was incorporated from PubChem using the identifier 1387075.

2.2. Target Management

A more extensive explanation of the incorporation process and data management is provided in
this section for the addition of a given target. As indicated above, we study the Solute carrier family 2,
facilitated glucose transporter member 1 (Uniprot ID P11166). Within a given project, due to the variety
of disciplines involved, scientists may refer to a target using an acronym, its gene name or a common
name. These names are prone to change so we have provided a simplified way to incorporate a
given target from its reference uniprot identifier, as shown in Figure 2. By clicking on Target->
Add a protein, dockNmine retrieves automatically from Uniprot the target name, common name,
function, size, molecular weigth and sequence. A checkbox is also provided to grab bioactivities of
ChEMBL compounds for the target using ChEMBL web services [15,16] but the addition of ligands is
processed asynchronously to allow a better experience in the interface. The process can be sufficient
if only experimental data are to be added for a target but if docking results need to be incorporated,
then a reference structure file is required. This addition is accessible by clicking on the orange
glyphicon (Figure 2B,C). Since the structure file often needs to be extensively processed for docking [6],
only the resulting structure file in pdb or cif format is required. We have uploaded for the purpose
of demonstration the unprocessed crystal structure of the glucose transporter resolved by Deng and
colleagues [11]. Using the target management service, the user is able to incorporate most important
data in few minutes.

2.3. Ligand Import And Management

There are two ways to manage ligand incorporation into the database—(i) by adding one ligand
at a time via the dedicated form, (ii) by uploading multiple ligands from a file, which will be regrouped
into a library.

The single ligand form (Figure 4A) allows to incorporate ligand information from the Protein Data
Bank (PDB) [17], PubChem [8] or ChEMBL [9]. The crystal structure of the glucose transporter contains
a glycosyl analogue, b-nonyglucoside, used to trap the protein in an inward-open conformation [11].
This ligand has the identifier BNG in the PDB. When selecting the PDB input format and searching for
BNG, a query on the PDB is performed to retrieve the ligand name, chemical formula, SMILES notation,
molecular weight and InChiKey. The ideal three-dimensional coordinates of the molecule is
downloaded in sdf format and added as the reference conformation for the ligand. By default the
visibility of any ligand entered using the single ligand form is restricted to the project members only.

If multiple ligands are to be added rapidly, that is, from a commercial supplier, another
possibility is to create a dedicated library from a multiple-compound sdf file (Figure 4C). For example,
Siebeneicher and colleagues [14] have determined a series of GLUT inhibitors involving piperazine
derivatives. These results are available in ChEMBL in the document report card CHEMBL3779893.
Five compounds were downloaded in sdf format from the ChEMBL report (Table 1) and assembled
into a single sdf file. This library was incorporated with a free text name using a file upload form
(Figure 4C), resulting into the addition of the five new ligands into the database, joined into the “GLUT
inhibitors 2016” library. To stress the system, the incorporation of a larger library of >11,000 compounds
was assessed (data not shown). In this situation, the rate for ligand processing was about 100 ligands/s.
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The library facility can also be used to regroup existing individual ligands into a coherent ensemble
(Figure 4E,F). This approach allows to delineate sub ensemble of ligands for easier data extraction and
analysis but has no strong dependence on the classified ligands. It is therefore easy to remove a library,
this will not cascade to the removal of ligands or of ligands data.

Figure 4. Additions of a single ligand or of multiple ligands into a library. (A) The form allows to add
a single ligand from either the Protein Data Bank (PDB), PubChem or ChEBML. The query using the
PDB request is shown here; (B) After a short period, the details of the added ligand can be accessed,
if available, a 2D depiction of the molecule is displayed; (C) For more extensive data incorporation,
the simplest way is to add a library and alongside a valid sdf file; (D) In this case all ligands available
in the sdf file are processed, de-duplicated and added to the library; (E) If necessary, a small subset of
ligands can be arranged in another library; (F) This new library will be referenced.

Table 1. Selected piperazine derivatives from the work of Siebeneicher and colleagues [14] and their
reference in ChEMBL. The vina free energy value is indicated for the best cluster, see Supplementary
Materials for calculation details.

Compound ID IC50 (nM) ChEMBL ID PubChem ID Vina Energy (kcal/mol)

13 1 3780239 72547759 −6.2
3 25 3781157 1977736 −7.4
66 80 3781535 127030174 −5.3
63 510 3780349 52149799 −6.3
41 44,000 3780153 127030188 −5.3
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In both ligand import processes, it is important to not duplicate ligands even if different names
are found, coming from the diversity of upstream sources. Instead of relying on ligand names, we have
chosen a more robust approach by comparing the InChiKey [18] of new ligands to existing ones.
If the InChiKey is not available, a Morgan fingerprint [19] is computed using rkdit [20] and used
for comparison.

2.4. Docking Import And Management

The docking process needs a large amount of computational power to screen libraries of ligands
against a given target. We envision to provide the possibility of performing some dockings through the
interface of dockNmine in future revisions for a limited set of molecules but the potential ressources
required are not yet available. Up to now, it is however possible to record already existing vina or
autodock [21–23] results. This process already allows to standardize ligand import and management
and to perform basic analysis. The course of action for pre-computed docking data is detailed hereafter.

The user needs to define the target, the ligand and the structure file used for docking.
Depending on the docking software, autodock or vina, different information needs to be provided.
The completed input form is presented in the Figure 3A. It is possible to not enter all docking
parameters but it is recommended to add them all in order to be able to compare different docking
experiments for the same partners (target+structure and ligand). Upon form submission, the pdbqt
vina output file is parsed to extract the cluster number and its associated energy for each pose.
Once processed, the user is redirected to the docking list page where he can inspect the incorporated
docking by clicking on the magnifier icon.

This magnifier icon redirects to the details of the processed data (Figure 3B–D) where not only
the docking parameters are listed but also the extracted energy by cluster (and/or pose if autodock
vina is used). The cluster energy is transformed into kJ to allow a rapid comparison with other
experiments and two indicators are also computed—Ligand Efficiency (LE) and Size-Independent
Ligand Efficiency (SILE) [24]. These indicators were developed to compensate the tendency of large
ligands to obtain better docking scores based on the ligand size rather than being effectively more
active experimentally. These two measures are nowadays discussed or further explored [25] but we
have chosen to not provide additional indicators in the table since more advanced features are available
under the analysis tab.

This single-step ligand incorporation mechanism is perfectly fit to compare ligands or docking
parameters for a small amount of compounds. Within minutes, it is possible to arrange properly and
formally the docking data without expert needs. After the output ligand file is uploaded in pdbqt
format, all other steps are automated to ease the user experience.

2.5. Experimental Data

Although virtual screening may be useful for finding the needle in a haystack, it is important
to rely on experimental validation to assess the predictive power of calculations. The experimental
tab allows to add to individual ligand experimental results for six different experiments—(i) IC50;
(ii) hemaglutination; (iii) isothermal titration calorimetry (ITC); (iv) surface plasmon resonance (SPR);
(v) fluorescence anisotropy; (vi) affinity chromatography (Figure 5). This initial list can be easily
extended to adjust to a specific method but should already be generic enough to register most of
experimental data. A large comment box allows to indicate the method in detail and/or the reference
study. This free-text addition is important to keep track of a given laboratory result prior to publication,
altogether with better procedures for chemical names and entities across partners of the project.
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Figure 5. Experimental data addition for a selection of ligands from the study of Seibeneicher and
co-workers [14]. (A) After IC50 selection from the drop-down menu, a method specific form is shown to
the user. Pre-defined valued are provided for pH, temperature, target and ligand concentrations since
they are seldomly used. The user can complete the free text box to indicate the data origin, either being
from literature of from private laboratory experiments; (B) Upon form validation, all experimental data
are listed, with an auto-computed normalised score important for comparison with virtual predictions.

2.6. Library Analysis

Virtual screening studies theoretically provide ligand-binding predictions in close agreement with
known experimental data. It is however difficult to compare virtual results directly with experimental
values. First, the free energy of binding is often tuned and estimated from a limited set of ligands
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(autodock, vina), which may be largely unrelated to the study of interest. Second, not a lot of study
provide direct measure of ligand-protein interaction with a defined kD or ki. Third, even if the
binding of a chemical entity is a direct measure, for instance using surface plasmon resonance (SPR) or
thermocalorimetry (ITC) methods, the binding consequence can lead to different definitions, the ligand
being classified at least as an agonist or antagonist, not counting the partial or reverse definitions and
receptor allostery [26]. We have incorporated interactive indicators to provide a better insight into the
predictive power of docking experiments (Figure 6). The Receiver Operating Characteristic analysis
(ROC) [27] is useful in rapid evaluation of the docking performance by comparing True and False
prediction rates. ROC curves are provided per ligand (Figure 6A) or synthetically for a given target
in the detailed target page. For a more expert analysis of docking performance against experimental
results, advanced features are displayed under the analysis menu. These analysis based on clinical
epidemiology were defined by Empereur-Mot and his colleagues [28] and a demo is provided online
(http://stats.drugdesign.fr/). For both analysis, it is important to rank the ligand according to
the virtual and experimental results. We have defined three classes for ranking ligands—(i) good;
(ii) intermediate; and (iii) bad. For docking results, the good category is reported if the autodock or vina
free energy (kcal/mol) of the best cluster is ≤−10, an intermediate ligand lies in the interval −10 >

energy ≤ −6.5 and a bad ligand has a lower free energy of binding. The corresponding thresholds for
a IC50 (nM) result are ≤100 for a good ligand, >100 and ≤1000 for an intermediate ligand, and above
1000 for a bad ligand. Pre-defined thresholds are also provided for each experimental result which
can be incorporated in dockNmine. The experimental and virtual categories are then compared to
indicate if there is an agreement between predictions and results. This information is then transformed
automatically for being displayed in the dedicated graphs.

2.7. Access Controls

Any user can freely discover dockNmine without authentication but a demonstration account
is provided to evaluate all of its functionalities. Once connected or registered using the log-in or
the briefcase glyphicons (Figure 1A), the user is attributed a Project Manager role (Table 2) and can
therefore create a new project, mandatory to start adding data in dockNmine. Once set up, the Project
Manager can share the project credentials with collaborators to allow them to join the project. The access
controls systems is a combination of Guardian rules and of permissions offered by Django’s internal
group management system. A lot of predefined permissions can thus be finely tuned to Create, Read,
Update and Delete data (CRUD) on any object or data in the database. Since this granularity may be
hard to apprehend, we have set up pre-defined roles (Table 2) where these permissions are clearly split
into viewers (Project Member) and editors roles (Project Manager) with a clear separation of privileges.
To ease dockNmine usage, by default all new accounts have a Manager role but it is recommended to
restrict this default role to Member for some collaborators in order to avoid errors. Only the principal
dockNmine administrator has full control over the service and can adjust permissions for users, objects
and data.

Before adding any information, connected users have to select an existing project. This mechanism
allows to automatically define data visibility and origin, as all members of the project can see targets,
ligands, dockings, experiments and their automated analysis. This per-project access allows to restrict
data visibility to project members and accross projects. Pre-defined Manager and Member roles are
indicated in the login page to demonstrate the difference between them. With a Member role, the user
can add a ligand to the library but cannot upload a specific structure file. With a Manager role, the user
can upload its own sdf file, carefully prepared using an external software or web service.
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Figure 6. Analysis of ligand classification using reference methods. Experimental data were taken
from the work of Seibeneicher and co-workers [14], the docking results were computed for this study.
(A) Single ligand analysis for CHEMBL3780153. Both the experimental and docking values allow to
classify it as a good ligand; (B) A more complete analysis of the overall virtual screening allows to
evaluate the ongoing project evolution.

Table 2. CRUD permissions management in dockNmine.

Project Target Ligand Experimental Method Docking Library

SuperUser CRUD CRUD CRUD CRUD CRUD CRUD
Manager CRU CRU CRU CRU CRU CRU
Member R R CR CR CR CR
Anonymous R R R R R R
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2.8. Extending Docknmine

This web server is meant to assemble various docking experiments and to compare it with existing
or in-house experimental data. Since there is a large variety of virtual and experimental methods, it is
possible to update dockNmine to take them into account. Some expertise is required in Django
development so users are advised to first contact the corresponding author.

3. Discussion

One of the biggest challenges when trying to reach the precision medicine objectives, the goal
to provide a per-individual efficient treatment, is the need to take into account little variation in
protein sequences in order to predict if these mutations will lead to dramatic changes in the protein
structure [29]. This research field, also known as structural genomics [30,31], is developing rapidly
though many technological obstacles still need to be leveraged to be applied blindly [32]. In order to
illustrate how dockNmine could properly be used to integrate results from these approaches, we have
detailed its independent services allowing to assemble existing public and private knowledge into
logically organised comprehensive data sets.

3.1. Single Protein Analysis

We chose the GLUT1 receptor (Solute carrier family 2, facilitated glucose transporter member
1) as an example. We indicated how to add this protein entry into the portal and how to add virtual
and publicly available experimental data from databases and scientific literature [9,14]. We provided
original docking data (see Supplementary Materials for details) to exemplify how one should make
use of the portal. If one was willing to reproduce these steps, much more attention would have to
be paid to the virtual screening experiments for getting relevant results [6]. Since these steps require
manual expertise and computational time, we have not allowed docking computation to be performed
directly within the portal. This situation may change but there are already efficient and popular
solutions available for users interested in performing large virtual screening studies [33–36]. One of the
critical steps for setting up a virtual screening approach is related to ligand preparation, classification
and ranking. There are many challenges for each of these steps but again a lot of reliable solutions
exist [37,38]. In the end, users can also make use of commercial software which provide a lot of facilities
for setting up virtual screening studies, by pipe-lining all these steps silently.

3.2. Multiple Proteins Analysis

In order to get a broader overview of the GLUT family response to different molecules, we have
processed two other glucose transporters, GLUT2 and GLUT3, for which experimental binding data are
also provided in the reference article [14]. The crystallographic structure of GLUT3 was determined by
Deng and colleagues (PDB ID: 4ZW9) [39], the model of GLUT2 was downloaded from Swiss-Model
(automatically computed from the structure 4ZXC) [40]. We selected a crystallographic structure
and a publicly available model to compute docking energies with vina for illustrating how one
could compare his experimental data with predictions without advanced expertise on computational
protein modelling. The incorporation of these proteins, of virtual screening data and of experimental
information were processed as previously described. These results are available by ligand (Figure 7A)
or by target (Figure 7B) from the drop-down options of the Analysis tab. These views present individual
graph and table for dockings and experiments. For the ligand CHEMBL3780153, the experimental
IC50 binding values are 4400 nM for GLUT1 and 2200 nM for GLUT3, no data being available for
GLUT2. By selecting the GLUT2 receptor from the menu, the predicted binding value of the best pose
is −8.3 kcal/mol, ranking it as a medium binder on the target according to our ranking procedure.
Since the docking value allows to rank this ligand in the lowest binding category (rank 3) for both
GLUT1 and GLUT3, in agreement with experimental data, this rapid comparison suggests a better
recognition of CHEMBL3780153 by GLUT2. This simple comparison of docking and experimental
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results could be exact but the user is warned about the limited predictive power of the included dataset,
with a negative predictiveness and an Area Under the Curve (AUC) under 0.5 for GLUT1 (Figure 6B).

Figure 7. Comparison of experimental and virtual data for GLUT proteins and their ligands.
Experimental data from Seibeneicher and co-workers [14], the docking results were computed for this
study. (A) Comparison of ligand results for CHEMBL3780153. The docking was performed on all
proteins but experimental values are only available for GLUT1 and GLUT3; (B) Tabular results and
graphical representation of docking results for GLUT2.

To move towards precision medicine, dockNmine can act as a central gathering portal to add
much more experimental and docking information. In the case of the GLUT members, this would
required adding docking and experimental data for the 14 members of the SLC2 family, from the
recently published study in Reference [41,42].

3.3. Advanced Analysis

The provided analysis pages are simple and standard methods for comparing docking and
experimental data. Since these views may not be sufficient, we offer to download the complete
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data set in the detailed target and ligand pages, by clicking on the download glyphicon. In this
case, docking and experimental data are arranged into a convenient csv file for further processing in
any spreadsheet.

The existing portal already allows to assemble a lot of knowledge seamlessly. As more information
may be required for further deciphering protein-ligand interaction, for instance for advanced machine
learning processing [43], new features shall be incorporated [44]. Some of future improvements may
comprise the addition of direct docking computation from the interface, advanced protein-ligand
analysis [45] and visualisation [46] and other functionalities demanded by users.

4. Materials and Methods

4.1. Server Design, Implementation And Security

The django framework (https://www.djangoproject.com/) was used to arrange data into
dedicated classes. Access controls are ensured by django’s built-in system supplemented by the
guardian module to provide per-object control. Each page in the interface is submitted to permission
validation ensured by a dedicated decorator developed specifically for this purpose. User interaction
and interactive displays are provided using Bootstrap (http://getbootstrap.com/) and jQuery
(http://jquery.com/). The specific protein-ligand global statistics analysis is derived from the work of
Empereur-Mot and collaborators [28].

4.2. Data Retrieval And Processing

Queries on external databases are executed using the python3 requests module. When available,
public API are used like for ChEMBL for instance [9], otherwise simple HTTP request are performed.
Queries are then processed using biopython [47] for proteins and rdkit [20] for small chemical entities.

5. Conclusions

With the need to address large-scale, diverse and targeted protein-ligand interaction predictions,
it is essential to be able to quickly assemble public and private experimental and virtual data.
The dockNmine portal aims at providing the first component for this ambitious goal; it is freely
accessible at the http://www.ufip.univ-nantes.fr/tools/docknmine/.

Supplementary Materials: The following are available online at http://www.mdpi.com/1422-0067/20/20/5062/
s1, Supplemental Methods S1: Receptor and ligand setup.
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The following abbreviations are used in this manuscript:

AUC Area Under the Curve
CADD Computer-Aided Drug Design
CRUD Create, Read, Update, Delete
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ITC isothermal titration calorimetry
LE Ligand Efficiency
NMR Nuclear Magnetic Resonance
PDB Protein Data Bank
ROC Receiver Operating Characteristics
SILE Size-Independent Ligand Efficiency
SPR Surface Plasmon Resonance
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Abstract: Pharmacophore models are widely used for the identification of promising primary hits in
compound large libraries. Recent studies have demonstrated that pharmacophores retrieved from
protein-ligand molecular dynamic trajectories outperform pharmacophores retrieved from a single
crystal complex structure. However, the number of retrieved pharmacophores can be enormous,
thus, making it computationally inefficient to use all of them for virtual screening. In this study,
we proposed selection of distinct representative pharmacophores by the removal of pharmacophores
with identical three-dimensional (3D) pharmacophore hashes. We also proposed a new conformer
coverage approach in order to rank compounds using all representative pharmacophores. Our results
for four cyclin-dependent kinase 2 (CDK2) complexes with different ligands demonstrated that
the proposed selection and ranking approaches outperformed the previously described common
hits approach. We also demonstrated that ranking, based on averaged predicted scores obtained
from different complexes, can outperform ranking based on scores from an individual complex.
All developments were implemented in open-source software pharmd.

Keywords: pharmacophore; molecular dynamics; virtual screening

1. Introduction

Pharmacophore models are widely used in the early stages of drug development to identify
potential hits in large datasets. These models encode spatial arrangements of features which are
important for protein–ligand interactions and can be derived from available three-dimensional (3D)
structures of protein-ligand complexes. The X-ray structures of complexes from the Protein Data
Bank [1] are usually used for structure-based pharmacophore modeling. However, X-ray structures
represent only a static view and can fail to describe the complexity of ligand–protein interactions.
Protein-ligand complexes are inherently flexible species and their dynamic behavior greatly determines
protein-ligand recognition. Molecular dynamics (MD) is a well-established approach for the simulation
of the flexibility of large molecular systems and is widely used for the investigation of protein-ligand
complexes’ dynamic behavior. MD simulations act as a rich source of information about studied
systems, and thus can be used for drug design purposes. In particular, ensemble docking [2,3] employs
individual snapshots of MD trajectory.

In several recent studies, researchers applied pharmacophore modeling for MD trajectory analysis.
Choudhury et al. derived models from snapshots of a 40 ns trajectory and validated them on the external
set of known active and inactive compounds to select the most reasonable pharmacophores [4]. They
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obtained only eight pharmacophores by selecting snapshots every 5 ns of the trajectory. Such amounts
of pharmacophores are not only unrepresentative, but also this approach is applicable only if there are
enough data on known active and inactive compounds for model validation and selection (because
a priori is impossible to estimate the usefulness of models for virtual screening). Other researchers
have clustered MD trajectories to select representative pharmacophore models [5,6] which reduced
computational complexity due to fewer models. However, such approaches depend on a chosen
clustering algorithm and its tuning parameters and can overlook some less populated states, which
might be important for ligand-receptor recognition. Each of these approaches also requires datasets of
known compounds to validate and select the most appropriate and accurate models.

Recently, Wieder et al. proposed the “common hits approach” (CHA) which requires no
information about known ligands to validate and select predictive pharmacophore models [7].
They proposed the use of all representative pharmacophore models retrieved from a single MD
trajectory of a protein-ligand complex to rank compounds according to the number of matched
models. They demonstrated high performance of the CHA on a number of protein-ligand complexes.
Nevertheless, the proposed selection procedure of representative pharmacophore models in that study
has some weaknesses. The authors retrieved 20,000 MD trajectory snapshots and the corresponding
number of pharmacophore models. To select representative pharmacophore models they grouped
all models according to the number and types of pharmacophore features. The energy of ligand
conformations corresponding to each pharmacophore model was calculated with the Merck Molecular
Force Field (MMFF). A conformer with median energy was identified within each group and the
corresponding pharmacophore model was selected as representative. The spatial arrangement of
features was ignored because pharmacophore models were grouped only by the type and the number of
pharmacophore features. Therefore, dissimilar pharmacophores with substantially different geometry
but the same set of features can get to the same group, which will not correspond to a single
representative model.

Nevertheless, there is a need to develop a stable approach capable of selecting representative
pharmacophore models with a minimal number of tuning parameters. In this study, we used previously
developed 3D pharmacophore hashes [8] which were able to identify identical pharmacophore
models within a given binning step. A 3D pharmacophore hash is a unique identifier of a
pharmacophore that takes into account distances between features and their spatial arrangement,
including stereoconfiguration. A binning step, the only sensitive tuning parameter, was used for
discretization of interfeature distances to enable fuzzy matching of pharmacophores by calculated
hashes. The removal of pharmacophores with duplicated hashes reduced the whole set of
pharmacophore models retrieved from the MD trajectory to a subset of representative ones, further
used for virtual screening.

We also proposed a new approach of compound ranking, called the “conformers coverage
approach” (CCA). Similar to the common hits approach, it uses all representative pharmacophore
models, and therefore does not require validation and selection of individual models based on sets
of known active and inactive compounds. Supposedly, if a greater number of existing compound
conformers can fit protein conformational states, the more favorable binding would be observed as
flexibility of a compound that better corresponds to flexibility of a protein (thus the ligand would
lose fewer degrees of freedom upon a binding event and less binding entropy decrease may be
observed). In the case when multiple complexes of a protein with different ligands are available, a
consensus ranking can be performed by averaging CCA scores across different complexes. We also
demonstrated the influence of pharmacophore model complexity represented by the number of features
on virtual screening performance. The proposed approach to retrieve pharmacophore models from
MD trajectory and virtual screening was implemented in open-source software available on GitHub
(https://github.com/ci-lab-cz/pharmd).
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2. Materials and Methods

2.1. Protein Target and Compound Dataset

We chose cyclin-dependent kinase 2 (CDK2) as a protein target due to the abundance of X-ray
structures of this protein in complexes with small molecules. Among the available PDB X-ray
complexes, we selected four with high affinity inhibitors (2C6O, 2FVD, 2XMY, and 5D1J) (Figure 1).
The corresponding dataset of known inhibitors and decoys from the DUD-E dataset [9] was used
for the validation of developed pharmacophore models. After a thorough check, all duplicates were
removed from the validation set. In addition, the ligands presented in the selected four complexes were
removed from the DUD-E dataset to avoid overestimation of model performance. The final dataset
contained 473 active compounds and 27,853 decoys. For compounds with an undefined configuration
of stereocenters or double bonds, all possible stereoisomers were enumerated. For each stereoisomer of
a compound, up to 100 conformers were generated, within the energy gap 100 kcal/mol from the lowest
energy conformer, using the MMFF force field implemented in RDKit [10]. Such a large energy gap
was deliberately chosen to cover larger conformational space because large and flexible compounds
with polar or charged groups can form bent conformations, where oppositely charged groups are close
together. In addition, we considered conformers with a root-mean-square distance less than 0.5 Å as
duplicates and removed them.
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Figure 1. Protein–ligand interaction charts of four selected cyclin-dependent kinase 2 (CDK2) complexes.
(a) IC50 = 5–8.1 nM [11–13] 2C6O; (b) IC50 = 38–46 nM [14,15] 5D1J; (c) Ki = 0.11 nM [16] 2XMY; (d) Ki

= 3 nM [17] 2FVD.
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2.2. Molecular Dynamic Simulations

All molecular dynamics simulations were done using GROMACS 2016 with GPU support [18,19].
First, protein and ligand topologies were prepared. In the original 2XMY structure from PDB,
two possible ligand structures are overlapped. They have extremely low RMSD, therefore, we
arbitrarily chose structure A. For protein topology generation, we used the Amber99SB-ILDN force
field [20]. The ligand topologies were prepared with an Antechamber 17.3 [21,22] using GAFF2 force
field parameters and checked using parmchk utility and manually.

Each protein-ligand system was placed in a dodecahedron water cell with a minimal distance to
the cell wall of 1 Å. The TIP3P [23] model was used for water description. The maximum number of
steps for energy minimization was 50,000, but for all four complexes, the steepest descent converged at
approximately 1000 steps. After energy minimization, each system was NVT and NPT equilibrated (100
ps per each equilibration) following guidelines published by Justin Lemkul [24]. Then, equilibrated
protein-ligand complexes were simulated under NPT ensemble with a V-rescale thermostat and a
Parrinello-Rahman barostat at 310 K for 50 ns with 2 fs time step. The temperature (during NVT
equilibration) and density (during NPT equilibration) were carefully monitored and found acceptably
stable. The simulations’ convergence was analyzed using RMSD and gyration radius plots, as well as
by temperature and density as additional parameters (see Supplementary Materials).

2.3. Pharmacophore Model Retrieval

Individual snapshots of each 20 ps of MD trajectory of a protein-ligand complex were extracted to
PDB files using MDTraj library [25]. A total of 2500 snapshots were retrieved from the MD trajectory
of each complex. Water molecules were removed because we were interested in the identification of
only direct ligand–protein interactions, and also this significantly sped up pharmacophore recognition.
From each snapshot, we retrieved a pharmacophore model by the identification of hydrogen bonds,
hydrophobic and aromatic interaction centers between protein and ligand, using PLIP library [26];
electrostatic interactions were identified as short contacts (less than 3.8 Å) between the side chains of
charged amino acids (Glu, Asp, Lys, Arg, and His) and oppositely charged ligands. The assignment
of pharmacophore features was refined to satisfy pharmacophore feature patterns implemented
in pmapper [8] which was further used to derive 3D pharmacophore hashes from individual
pharmacophore models. The binning step and tolerance for the calculation of 3D pharmacophore
hashes were set to default 1 Å and 0, respectively. The former represents how models tolerate deviation
of distances between features, and the later represents the tolerance to deviation of pharmacophore
quadruplets from planarity to calculate stereoconfiguration of a pharmacophore [8]. In our previous
study, we observed an extremely weak effect from changing the tolerance parameter, and therefore it
was set to 0. The pharmacophore features (such as H-bond donors and acceptors) were undirected due
to shortcomings of the current pmapper implementation. Because models with undirected features
are less specific, this could lead to somewhat lower hit rates and enrichment. More details about the
computing of 3D pharmacophore hashes can be obtained by referring to our previous publication [8].

2.4. Virtual Screening With Ensembles of MD-Based Pharmacophore Models

We reduced the number of considered pharmacophore models in each ensemble to
representative ones by removing duplicates, i.e., pharmacophore models with identical hashes.
Individual representative pharmacophore models were screened on the DUD-E dataset. Finally,
compounds were ranked according to two strategies, common hits approach (CHA) and conformers
coverage approach (CCA) (Figure 2). Within the CHA strategy proposed by Wieder at el., compounds
were ranked according to the percentage of representative pharmacophore models matching at least one
compound conformer, which was equivalent to the number of models matching the given compound
from the original study [7]. It was suggested that active compounds should have a greater number
of matched models. Within the proposed CCA strategy, compounds were ranked according to the
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percentage of conformers matching at least one representative pharmacophore model. We suggested
that the compounds in which conformers fit more frequently to the pharmacophores observed within
the MD simulations of a protein-ligand complex could have a more favorable binding due to less
decrease in binding entropy. The more ligand conformers could fit the observed conformational states
of a protein, the fewer degrees of freedom of a ligand would be lost upon a binding event.
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Figure 2. Compound scoring schemes based on the proposed conformers coverage approach and the
previously developed common hits approach. Distinct representative pharmacophore models were
selected among all molecular dynamics (MD) pharmacophores based on their three-dimensional (3D)
pharmacophore hashes.

To estimate screening performance, we calculated the precision, Equation (1), and the enrichment
factor, Equation (2) which are the most important screening parameters, as the models should result
in the lowest possible number of false positives and demonstrate enrichment over random selection.
Enrichment was calculated at different percentages of selected compounds as follows: 0.25%, 0.5%, 1%,
2%, 5%, 10%, and 100%. Basically, we selected the specified percentage of compounds and all compounds
having a score identical to the last compound in the list, and therefore the actual number of compounds
could be greater than the given percentage. In addition, if the compounds retrieved by pharmacophore
models was fewer than the given percentage we used only the retrieved compounds to calculate
the statistics because the remaining compounds could not be ranked reasonably. All enumerated
stereoisomers of a compound were treated as a single compound during virtual screening.

precision = TP/(TP + FP) (1)

enrichment factor = precision/baseline precision (2)

where TP is a number of true hits retrieved by a model, FP is a number of decoys retrieved by a
model, baseline precision is calculated according to Equation (1) where all hits were considered as true
positives and all decoys as false positives. The baseline precision for the DUD-E dataset was 0.0167.
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3. Results and Discussion

A total of 2500 frames were extracted from each MD trajectory of four complexes and the
corresponding number of structure-based pharmacophore models was derived. Three-dimensional
pharmacophore hashes were calculated for each pharmacophore to identify highly similar ones.
By design, the pharmacophores with identical hashes should have a root-mean-square distance
(RMSD) within the chosen binning step. In order to verify this, we aligned pairs of pharmacophore
models with identical sets of features and calculated best-fit RMSD values. As expected,
pharmacophores having identical hashes have a distribution of RMSD values from 0 to 0.93
Å across all four protein targets, whereas RMSD values for pairs of pharmacophores having
different hashes were distributed in a wider range, from 0.01 to 4.96 Å (Figure 3). This indicates
an important feature, i.e., identical 3D pharmacophore hashes always correspond to similar
pharmacophores, however, similar pharmacophores do not always have identical hashes. This
means that by removing pharmacophores with identical hashes we achieved the main purpose of
reducing the number of pharmacophores, although keeping some redundancy among remaining
representative pharmacophores.
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Elimination of pharmacophores with duplicated hashes substantially reduced the number
of pharmacophores for 2C6O, 2FVD, and 5D1J targets to 13.5%, 17.6%, and 27.3%, respectively.
The pharmacophores retrieved for 2XMY target were the most diverse and the number of distinct
pharmacophore hashes was high, 80.3% (Figure 4). This can be explained by higher flexibility of a
2XMY ligand and more complex pharmacophore models for 2XMY with a greater number of features
than pharmacophores for other complexes.
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We investigated the issue of how well the generated conformers of cocrystallized ligands
reproduce binding modes represented by corresponding MD pharmacophores. Conformers of four
cocrystallized ligands were generated using the same setup as for the DUD-E dataset. The most complex
pharmacophores matched by 2C6O ligand were 16 four-feature pharmacophores. However, in general
the complexity of corresponding MD pharmacophores was relatively low with only a few six-feature
pharmacophores available (Figure 4). The 2FVD ligand matched five seven-feature pharmacophores
which were the most complex among the available MD pharmacophores. It also matched 11 six-feature
and 40 five-feature pharmacophores. The 2XMY ligand could match three six-feature and four
five-feature pharmacophores, whereas the most complex MD pharmacophores contained 10 features.
This can be explained by the high flexibility of a ligand that makes it difficult to find a conformer
that perfectly matches such complex pharmacophores. The 5D1J ligand matched one five-feature and
13 four-feature pharmacophores, whereas the most complex MD pharmacophores had six features.
These results indicate that the chosen setup of conformer generation can reproduce binding modes of
cocrystallized ligands quite well.

To create baseline models, we retrieved pharmacophore models from initial PDB complexes using
the same procedure. Only a four-feature PDB pharmacophore identified for 5D1J target had a hash
identical to one of those retrieved from the MD simulations. The pharmacophore models for the
remaining three complexes had a higher number of features relative to pharmacophores observed
in the MD simulations (Figure 4). For the 2FVD complex, the PDB pharmacophore contained seven
features, the number of representative MD pharmacophores of the same complexity was only 20%,
and more complex pharmacophores were not observed. The 2XMY PDB pharmacophore consisted
of nine features whereas only 9.7% of representative MD pharmacophores had the same or higher
complexity. The PDB pharmacophore from the 2C6O complex had six features and there were just
15 representative MD pharmacophores of the same complexity (4.4%). On the one hand, due to
a large number of features, the PDB pharmacophores extracted from the 2C6O, 2FVD, and 2XMY
complexes were too specific and failed to retrieve any hits from the DUD-E dataset. On the other hand,
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the four-feature 5D1J PDB pharmacophore model was too loose and retrieved 10 hits and 818 non-hits
that resulted in a poor enrichment equal to 0.72. The observation that PDB pharmacophore models can
result in poor performance agrees with previous studies of other authors [4,7].

One expects that more complex pharmacophore models are more specific, which results in fewer
retrieved hits and improves the chances of finding true hits. To estimate how the complexity of selected
models affects virtual screening performance, we calculated enrichment based on all hits retrieved by
any representative MD pharmacophores having at least a specified number of features (corresponds to
EF100%). As expected, virtual screening based on all models with very simple pharmacophores having
one, two or three features resulted in the lowest performance in all four cases. As the minimal
complexity increased from a four-feature to a seven-feature model, enrichment improved and the
number of retrieved hits significantly decreased (Table 1).

Table 1. The overall number of compounds retrieved from the DUD-E dataset by representative MD
pharmacophore models of different minimum complexity.

PDB
Minimum Number of

Pharmacophore
Features in Models

Number of
Representative

Models

Number of
Retrieved

Compounds
TP/FP EF100%

1

2C6O
1 338 27,884 (98.6%) 471/27,413 1.01
4 295 8109 (28.7%) 178/7931 1.31
5 143 291 (1.03%) 32/259 6.58

2FVD

1 440 25262 (89.3%) 430/24,832 1.02
4 431 7745 (27.4%) 180/7565 1.39
5 390 205 (0.73%) 22/183 6.42
6 282 2 (0.007%) 2/0 59.79

2XMY

1 2009 14,877 (52.6%) 337/14,540 1.35
4 2008 10,470 (37.0%) 300/10,170 1.71
5 1988 707 (2.5%) 88/619 7.44
6 1868 33 (0.117%) 24/9 43.48
7 1411 1 (0.004%) 1/0 59.79

5D1J
1 683 27,884 (98.6%) 471/27,413 1.01
4 609 15,312 (54.1%) 270/15,042 1.05
5 356 116 (0.41%) 9/107 4.64

1 Enrichment factor calculated for all retrieved hits.

Due to the poor performance of the simple models, we used ensembles of models having at least
four pharmacophore features while comparing two ranking strategies, CHA and CCA. In almost
all cases, CCA demonstrated higher early enrichment factors than CHA (Figure 5). For example,
for ensembles consisting of at least five-feature models, enrichment at 0.25% was 6.27 and 10.25
(2C6O), 4.98 and 10.5 (2FVD), 22.7 and 35.0 (2XMY), and 4.64 and 4.23 (5D1J) for CHA and CCA,
respectively. A similar trend is observed for other percentages of selected compounds and model
ensembles (Figure 5).

The ensembles of pharmacophore models consisting of a greater number of distinct complex
models, such as in the case of 2XMY complex, result in better virtual screening performance.
Early enrichment calculated within CCA at 0.25% and 0.5% was 43.5 and 35.0 for ensembles consisting
of at least five- and six-feature models, respectively. This may suggest that complexes of ligands with a
greater number of interactions are more preferable for virtual screening, if available.

We expected that using undirected features for H-bond donors and acceptors, as well as for
aromatic features, would reduce virtual screening performance. Models with undirected features were
less specific, and thus could retrieve more false positives. We did not investigate this issue explicitly
because directed features were not implemented in the pmapper software. However, rather high early
enrichments were achieved for many complexes, with up to 43.5 EF0.25% for 2XMY. This indicates that
directed features may sometimes be inessential. The only exception was the 5FVD complex in which
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we achieved only moderate enrichment for the ensemble consisting of at least five-feature models,
EF0.25% was 4.64. But this also may result from a specific binding mode of a ligand in the 5D1J complex
not matched by other active compounds from the DUD-E dataset.Int. J. Mol. Sci. 2019, 20, x 9 of 12 
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In the case of several available X-ray structures, it is possible to combine predictions to improve
screening accuracy. Compounds were ranked in descending order according to their average CCA scores
calculated for different protein targets. We used only pharmacophore ensembles including models with
at least four and five features because simpler models resulted in poor performance. More complex
models were unavailable for all studied complexes. The consensus of four complexes demonstrated
good performance in both cases with EF0.25% being 24.8 and 22.1 (Figure 6). However, such high
performance was mainly determined by high performance of the ensemble of pharmacophore models
extracted from the MD trajectory of the 2XMY complex and the consensus ranking based on four
complexes did not outperform the one for the 2XMY complex. Therefore, we evaluated consensus
performance based on the average CCA scores among only three model ensembles with poorer
performance (2C6O, 2FVD, and 5D1J). A substantial improvement was observed for the models
having at least four features. The enrichment factor at 0.25% reached 17.9 for a consensus ranking,
whereas it was 4.09, 6.26, and 0 for individual model ensembles of 2C6O, 2FVD, and 5D1J complexes,
respectively. The improvement of consensus ranking, based on the output of ensembles comprising at
least five-feature models, was less apparent as compared with individual model ensembles. The EF0.25%

was 11.1 for consensus ranking and 10.2 for 2C6O, 10.5 for 2FVD, and 4.2 for 5D1J. These results
encourage the application of consensus ranking whenever possible because it decreases bias introduced
by individual model ensembles and gives more robust output.
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4. Conclusions

In this study, we demonstrated the advantages of “dynamic pharmacophores”, i.e., sets of
pharmacophores extracted from snapshots of molecular dynamics trajectories, for virtual screening
of biologically active compounds. The previously developed 3D pharmacophore hashes were
successfully applied to identify identical pharmacophores and reduce the number of retrieved
MD pharmacophores to representative ones. This approach omits complex calculations such as
pharmacophore models clustering and selection of representative models. Since it linearly scales
with a number of pharmacophore models, it can be freely applied to any number of snapshots.
The 3D pharmacophore hash generation requires only one tuning parameter, i.e., binning step,
which determines the fuzziness of hashes obtained. As we demonstrated, all pharmacophores with
identical hashes had a pairwise root-mean-square distance less than the chosen binning step 1 Å.

We also proposed a new ranking approach, conformers coverage approach, based on the
percentage of compound conformers matching representative pharmacophores from an ensemble
of MD pharmacophores of an individual protein-ligand complex. Apparently, compounds with a
high percentage of fitted conformers could lose fewer degrees of freedom upon binding and, as a
consequence, binding entropy could be more favorable. We demonstrated that conformers coverage
approach outperforms the previously proposed common hits approach on four selected protein-ligand
complexes that supported the validity of the proposed approach. More rigorous validation on a larger
number of complexes would be desirable.

As we observed, the usage of more complex pharmacophores with more features results in a
higher performance of virtual screening. Models with three or fewer features are not recommended for
virtual screening due to poor performance. As expected, there is a trade-off between the accuracy of
predictions and the number of retrieved hits. Models of higher complexity result in higher enrichment
values and less retrieved hits. Therefore, one should choose a model complexity depending on the
particular goals of a study, but models should have at least four features and more.
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Developed tools for the extraction of snapshots from a MD trajectory, assignment of pharmacophore
features based on protein-ligand complex geometry, calculation of pharmacophore hashes, and virtual
screening of compounds are freely available on GitHub (https://github.com/ci-lab-cz/pharmd).

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/23/5834/s1.

Author Contributions: Conceptualization, P.P.; data curation, A.K.; investigation, P.P., A.K., and O.M.;
methodology, P.P. and T.M.; project administration, P.P.; software, P.P. and D.B.; supervision, P.P.; validation, A.K.;
visualization, P.P. and O.M.; writing—original draft, P.P.; writing—review and editing, P.P., O.M., and T.M.

Funding: This research was funded by the Ministry of Education, Youth and Sports of the Czech Republic,
agreement number MSMT-5727/2018-2 and by the Ministry of Science and Higher Education of the Russian
Federation, agreement No. 14.587.21.0049 (unique identifier RFMEFI58718X0049).

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Berman, H.M.; Westbrook, J.; Feng, Z.; Gilliland, G.; Bhat, T.N.; Weissig, H.; Shindyalov, I.N.; Bourne, P.E.
The Protein Data Bank. Nucleic Acids Res. 2000, 28, 235–242. [CrossRef]

2. Hritz, J.; de Ruiter, A.; Oostenbrink, C. Impact of Plasticity and Flexibility on Docking Results for
Cytochrome P450 2D6: A Combined Approach of Molecular Dynamics and Ligand Docking. J. Med.
Chem. 2008, 51, 7469–7477. [CrossRef]

3. Campbell, A.J.; Lamb, M.L.; Joseph-McCarthy, D. Ensemble-Based Docking Using Biased Molecular Dynamics.
J. Chem. Inf. Modeling 2014, 54, 2127–2138. [CrossRef]

4. Choudhury, C.; Priyakumar, U.D.; Sastry, G.N. Dynamics Based Pharmacophore Models for Screening
Potential Inhibitors of Mycobacterial Cyclopropane Synthase. J. Chem. Inf. Modeling 2015, 55, 848–860.
[CrossRef]

5. Sohn, Y.-s.; Park, C.; Lee, Y.; Kim, S.; Thangapandian, S.; Kim, Y.; Kim, H.-H.; Suh, J.-K.; Lee, K.W.
Multi-conformation dynamic pharmacophore modeling of the peroxisome proliferator-activated receptor γ
for the discovery of novel agonists. J. Mol. Graph. Model. 2013, 46, 1–9. [CrossRef]

6. Spyrakis, F.; Benedetti, P.; Decherchi, S.; Rocchia, W.; Cavalli, A.; Alcaro, S.; Ortuso, F.; Baroni, M.; Cruciani, G.
A Pipeline To Enhance Ligand Virtual Screening: Integrating Molecular Dynamics and Fingerprints for
Ligand and Proteins. J. Chem. Inf. Modeling 2015, 55, 2256–2274. [CrossRef] [PubMed]

7. Wieder, M.; Garon, A.; Perricone, U.; Boresch, S.; Seidel, T.; Almerico, A.M.; Langer, T. Common Hits
Approach: Combining Pharmacophore Modeling and Molecular Dynamics Simulations. J. Chem. Inf.
Modeling 2017, 57, 365–385. [CrossRef] [PubMed]

8. Kutlushina, A.; Khakimova, A.; Madzhidov, T.; Polishchuk, P. Ligand-Based Pharmacophore Modeling
Using Novel 3D Pharmacophore Signatures. Molecules 2018, 23, 3094. [CrossRef] [PubMed]

9. Mysinger, M.M.; Carchia, M.; Irwin, J.J.; Shoichet, B.K. Directory of Useful Decoys, Enhanced (DUD-E): Better
Ligands and Decoys for Better Benchmarking. J. Med. Chem. 2012, 55, 6582–6594. [CrossRef] [PubMed]

10. Landrum, G. RDKit: Open-Source Cheminformatics Software. Available online: https://www.rdkit.org
(accessed on 2 November 2019).

11. Sayle, K.L.; Bentley, J.; Boyle, F.T.; Calvert, A.H.; Cheng, Y.; Curtin, N.J.; Endicott, J.A.; Golding, B.T.; Hardcastle, I.R.;
Jewsbury, P.; et al. Structure-Based design of 2-Arylamino-4-cyclohexylmethyl-5-nitroso-6-aminopyrimidine
inhibitors of cyclin-Dependent kinases 1 and 2. Bioorganic Med. Chem. Lett. 2003, 13, 3079–3082. [CrossRef]

12. Pratt, D.J.; Bentley, J.; Jewsbury, P.; Boyle, F.T.; Endicott, J.A.; Noble, M.E.M. Dissecting the Determinants
of Cyclin-Dependent Kinase 2 and Cyclin-Dependent Kinase 4 Inhibitor Selectivity. J. Med. Chem.
2006, 49, 5470–5477. [CrossRef] [PubMed]

13. Coxon, C.R.; Anscombe, E.; Harnor, S.J.; Martin, M.P.; Carbain, B.; Golding, B.T.; Hardcastle, I.R.; Harlow, L.K.;
Korolchuk, S.; Matheson, C.J.; et al. Cyclin-Dependent Kinase (CDK) Inhibitors: Structure–Activity
Relationships and Insights into the CDK-2 Selectivity of 6-Substituted 2-Arylaminopurines. J. Med. Chem.
2017, 60, 1746–1767. [CrossRef] [PubMed]

14. Choong, I.C.; Serafimova, I.; Fan, J.; Stockett, D.; Chan, E.; Cheeti, S.; Lu, Y.; Fahr, B.; Pham, P.; Arkin, M.R.;
et al. A diaminocyclohexyl analog of SNS-032 with improved permeability and bioavailability properties.
Bioorganic Med. Chem. Lett. 2008, 18, 5763–5765. [CrossRef]

231



Int. J. Mol. Sci. 2019, 20, 5834

15. Fan, J.; Fahr, B.; Stockett, D.; Chan, E.; Cheeti, S.; Serafimova, I.; Lu, Y.; Pham, P.; Walker, D.H.; Hoch, U.; et al.
Modifications of the isonipecotic acid fragment of SNS-032: Analogs with improved permeability and lower
efflux ratio. Bioorganic Med. Chem. Lett. 2008, 18, 6236–6239. [CrossRef] [PubMed]

16. Wang, S.; Griffiths, G.; Midgley, C.A.; Barnett, A.L.; Cooper, M.; Grabarek, J.; Ingram, L.; Jackson, W.;
Kontopidis, G.; McClue, S.J.; et al. Discovery and Characterization of 2-Anilino-4- (Thiazol-5-yl)Pyrimidine
Transcriptional CDK Inhibitors as Anticancer Agents. Chem. Biol. 2010, 17, 1111–1121. [CrossRef] [PubMed]

17. Chu, X.-J.; DePinto, W.; Bartkovitz, D.; So, S.-S.; Vu, B.T.; Packman, K.; Lukacs, C.; Ding, Q.; Jiang, N.; Wang, K.;
et al. Discovery of [4-Amino-2-(1-methanesulfonylpiperidin-4-ylamino)pyrimidin-5-yl](2,3-difluoro-6-
methoxyphenyl)methanone (R547), A Potent and Selective Cyclin-Dependent Kinase Inhibitor with
Significant in Vivo Antitumor Activity. J. Med. Chem. 2006, 49, 6549–6560. [CrossRef]

18. Abraham, M.J.; Murtola, T.; Schulz, R.; Páll, S.; Smith, J.C.; Hess, B.; Lindahl, E. GROMACS: High
performance molecular simulations through multi-level parallelism from laptops to supercomputers.
SoftwareX 2015, 1–2, 19–25. [CrossRef]

19. Abraham, M.J.; van der Spoel, D.; Lindahl, E.; Hess, B.; The GROMACS Development Team. GROMACS
User Manual Version 2016. Available online: www.gromacs.org (accessed on 18 November 2019).

20. Ponder, J.W.; Case, D.A. Force Fields for Protein Simulations. In Advances in Protein Chemistry; Academic
Press: Cambridge, MA, USA, 2003; Volume 66, pp. 27–85.

21. Wang, J.; Wang, W.; Kollman, P.A.; Case, D.A. Automatic atom type and bond type perception in molecular
mechanical calculations. J. Mol. Graph. Model. 2006, 25, 247–260. [CrossRef]

22. Wang, J.; Wolf, R.M.; Caldwell, J.W.; Kollman, P.A.; Case, D.A. Development and testing of a general amber
force field. J. Comput. Chem. 2004, 25, 1157–1174. [CrossRef]

23. Jorgensen, W.L.; Chandrasekhar, J.; Madura, J.D.; Impey, R.W.; Klein, M.L. Comparison of simple potential
functions for simulating liquid water. J. Chem. Phys. 1983, 79, 926–935. [CrossRef]

24. Lemkul, J. From Proteins to Perturbed Hamiltonians: A Suite of Tutorials for the GROMACS-2018 Molecular
Simulation Package [Article v1. 0]. Living J. Comput. Mol. Sci. 2018, 1, 5068. [CrossRef]

25. McGibbon, R.T.; Beauchamp, K.A.; Harrigan, M.P.; Klein, C.; Swails, J.M.; Hernández, C.X.; Schwantes, C.R.;
Wang, L.P.; Lane, T.J.; Pande, V.S. MDTraj: A Modern Open Library for the Analysis of Molecular Dynamics
Trajectories. Biophys. J. 2015, 109, 1528–1532. [CrossRef] [PubMed]

26. Salentin, S.; Schreiber, S.; Haupt, V.J.; Adasme, M.F.; Schroeder, M. PLIP: Fully automated protein–ligand
interaction profiler. Nucleic Acids Res. 2015, 43, W443–W447. [CrossRef] [PubMed]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

232



 International Journal of 

Molecular Sciences

Article

3D-PP: A Tool for Discovering Conserved
Three-Dimensional Protein Patterns

Alejandro Valdés-Jiménez 1,2, Josep-L. Larriba-Pey 3, Gabriel Núñez-Vivanco 1,* and
Miguel Reyes-Parada 4,5,*

1 Center for Bioinformatics, Simulations and Modelling, Universidad de Talca, 3460000 Talca, Chile
2 PhD Program on Computer Architecture, Universitat Politécnica de Catalunya, 08034 Barcelona, Spain
3 DAMA-UPC, Universitat Politécnica de Catalunya BarcelonaTech, 08034 Barcelona, Spain
4 Facultad de Ciencias de la Salud, Universidad Autonóma de Chile, 3467987 Talca, Chile
5 School of Medicine, Faculty of Medical Sciences, Universidad de Santiago de Chile, 9170022 Santiago, Chile
* Correspondence: ganunez@utalca.cl (G.N.-V.); miguel.reyes@usach.cl (M.R.-P.)

Received: 11 May2019; Accepted: 20 June 2019; Published: 28 June 2019
����������
�������

Abstract: Discovering conserved three-dimensional (3D) patterns among protein structures may
provide valuable insights into protein classification, functional annotations or the rational design of
multi-target drugs. Thus, several computational tools have been developed to discover and compare
protein 3D-patterns. However, most of them only consider previously known 3D-patterns such as
orthosteric binding sites or structural motifs. This fact makes necessary the development of new
methods for the identification of all possible 3D-patterns that exist in protein structures (allosteric
sites, enzyme-cofactor interaction motifs, among others). In this work, we present 3D-PP, a new free
access web server for the discovery and recognition all similar 3D amino acid patterns among a set
of proteins structures (independent of their sequence similarity). This new tool does not require
any previous structural knowledge about ligands, and all data are organized in a high-performance
graph database. The input can be a text file with the PDB access codes or a zip file of PDB coordinates
regardless of the origin of the structural data: X-ray crystallographic experiments or in silico homology
modeling. The results are presented as lists of sequence patterns that can be further analyzed within
the web page. We tested the accuracy and suitability of 3D-PP using two sets of proteins coming from
the Protein Data Bank: (a) Zinc finger containing and (b) Serotonin target proteins. We also evaluated
its usefulness for the discovering of new 3D-patterns, using a set of protein structures coming from
in silico homology modeling methodologies, all of which are overexpressed in different types of cancer.
Results indicate that 3D-PP is a reliable, flexible and friendly-user tool to identify conserved structural
motifs, which could be relevant to improve the knowledge about protein function or classification.
The web server can be freely utilized at https://appsbio.utalca.cl/3d-pp/.

Keywords: conserved patterns; similarity; 3D-patterns

1. Introduction

Most drugs interact with more than one molecular target [1,2]. This fact is usually considered an
undesired feature since it might be related to the side effects of pharmacological treatments. However,
current trends in drug discovery have put hope and considerable effort into the development of
multitarget compounds, due to the improved efficacy and safety profiles shown by some promiscuous
drugs [3–8]. In this context, several computational approaches to predict the polypharmacological
profile of either novel or known drugs have been developed, most of which are based on two main
methodological strategies. In the first case, methods are based on ligand characteristics, for example, the
search of compounds showing similar pharmacological/molecular activities with known drugs,
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those that represent the ligands as a bi-dimensional graph and look for similarities in databases
using graph-based techniques and those based on the three-dimensional (3D) similarities of ligands.
The second approach is centered on target(s) features and involves methods that use the known 3D
structure of proteins to perform inverted docking, structure-based pharmacophore searching and the
evaluation of binding sites similarities [8–10].

The usefulness of assessing structural similarities of ligand binding sites in different proteins,
aimed to target clustering or drug development, is supported by the fact that the structure of proteins
is several times more conserved than their sequences [11–13]. Furthermore, even in those cases where
a close evolutionary relationship exists between two proteins, it might be possible that their global
sequences and structures were not conserved and only share partial 3D-patterns, which define, in
most cases, the function of such proteins. Indeed, the comparative analysis of important 3D protein
patterns such as binding sites, catalytic sites and protein-protein interaction motifs, have been recently
used to, for example, identify putative off-targets of known drugs, the design of polypharmacological
compounds and drug re-purposing [14,15]. For these aims, several computational tools have been
developed [16–25], which, in general, require a known query (ligands/binding sites) for their searching
processes. Thus, these algorithms usually utilize (only) the orthosteric binding site in proteins,
annotated motifs and/or previously known functional residues to make similarity assessments.
This represents a weakness of the current tools, since some evidence indicates that a conserved
3D arrangement of amino acids might be enough to consider such a 3D-pattern as functionally relevant,
even if no prior knowledge of their biological activity is available (e.g., protein cavities/pockets that
may serve as allosteric sites) [20,26–31].

Thus, unveiling and comparing all local structural patterns (including those unknown or
previously unobserved) into a set of protein structures could be more informative for the discovery,
search and characterization of conserved 3D-patterns than exploring only previously known sites.
In a recent report [32], we described a strategy for the exhaustive searching of similar 3D-patterns
between two protein structures, which allowed the discovery of some conserved structural residue
arrangements between proteins that differ in their function, structure and tissue localization but that
share the same endogenous ligand and perform complementary physiological functions [33]. This type
of finding, along with the increasing availability of structural data (more than 130,000 protein structures
in the Protein Data Bank [34] and more than 3 million homology models in the SWISS-MODEL
Repository [35]), represent an opportunity to use and develop structure-based methods for the
classification, description and discovery of conserved 3D amino acid patterns among multiple
protein structures.

Here we present 3D-PP, a new free access web server designed to discover all conserved 3D
amino acid patterns among a set of protein structures. The pre-processing modules of 3D-PP were
developed in Python language and all data generated are processed and organized automatically in a
scalable, high-performance graph database [36]. Remarkably, this kind of database has shown better
performance than relational databases, particularly when problems must be realistically modeled
through, for example, the use of properties in a graph mode analysis [37–41].

2. Results

To demonstrate the applicability of 3D-PP, in the following sections we show the results of two
different examples in which the existence of known and unknown 3D-patterns are assessed in a set
of proteins. Also, as a benchmark analysis, we tried to replicate the same experiments with other
available tools.

2.1. Known Small 3D-Patterns

We used a dataset of 46 protein structures, all of which contain the PROSITE Zinc finger C3H1-type
motif (https://prosite.expasy.org/PDOC50103) (PDBids: 1m9o, 1rgo, 2cqe, 2d9m, 2d9n, 2e5s, 2fc6, 2rhk,
2rpp, 3d2n, 3d2q, 3d2s, 3jb9, 3tp2, 3u1l, 3u1m, 3u9g, 4c3b, 4c3d, 4c3e, 4cyk, 4ii1, 4yh8, 5elh, 5elk, 5gmk,
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5lj3, 5lj5, 5lqw, 5mps, 5mq0, 5mqf, 5u6h, 5u6l, 5u9b, 5wsg, 5y88, 5ylz, 5z58, 6bk8, 6dnh, 6eoj, 6exn, 6fbs,
6ff4, 6fuw; range of PDB resolutions: 1.5 to 5.9 Å). This sequence motif is composed of three cysteines
and one histidine amino acids, which are located in the primary sequence as defined by the following
regular expression C-x(8)-C-x(5)-C-x(3)-H. At a structural level, this motif represents a small 3D-pattern,
is highly conserved and shows chemical coordination of the residues with one Zinc ion. Usually
known as Zinc finger, this pattern is essential for the folding stabilization of this kind of protein
structure [42]. After the simultaneous evaluation of these 46 protein structures, 3D-PP identified
737,793 sites corresponding to 43,305 3D-patterns organized in 47,203 clusters. As shown in Figure 1,
the 3C1H was the most represented 3D-pattern with a protein coverage value of PCv = 95.7%.

Figure 1. Coverage of 3D-patterns identified in the Zinc finger C3H1-type protein structures. Figure 1
shows the list of all 3D-patterns detected and several criteria for filtering.

This value means that this 3D-pattern was found in the vast majority of the proteins’ structures
(44 of 46 proteins). Also, this pattern grouped in only one cluster (cluster coverage CCv = 100%;
Figure 1), which denotes that in those 44 proteins structures, there is at least one site whose 3D
topological conformation does not exceed the root mean square deviation (RMSD) threshold defined by
the user (4.5 Å in this example; Supplementary Data, Figure S1). This RMSD threshold is an important
input parameter of our software because it allows to discriminate between 3D-patterns that contain
similar components (i.e., amino acid residues) but exhibit different topological conformations (i.e., they
are not in the same spatial localization/order). Thus, in 3D-PP even though several 3D-patterns might
show a high level of protein coverage (PCv), they will appear grouped in different clusters with low
coverage (CCv) if they show a high structural and/or topological diversity. In this example, only one
cluster formed by 152 sites was detected in the 3D-Pattern 3C1H, denoting high structural conservation
(Figure 2) and irregular sequence localization. As shown in Figure 3, the common 3D-pattern can
appear in different locations of the sequences (blue and green boxes in Figure 3). Also, even though the
3D-pattern found corresponds to sites structurally conserved it can occur with differential sequence
order in the global protein sequence (red and orange boxes in Figure 3).
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Figure 2. Structural alignment of the 152 sites detected in the cluster 3C1H-1. This result is delivered
by 3D-PP using an interactive Jsmol Viewer.

Interestingly, 122 of the 152 detected sites were confirmed by the presence of the C-x(8)-C-x(5)-
C-x(3)-H pattern in the primary sequence of the proteins analyzed and also by the appearance of
the respective Zinc ion in coordination with three cysteine and one histidine amino acid in the
corresponding crystal structures (confirmed using the PDBsum server [43]). The remaining sites
detected by 3D-PP have similar structural features to the confirmed sites but either the protein structure
does not have a co-crystallized Zinc ion or the sequence localization of the residues in the sites does
not match with the corresponding PROSITE pattern (Table 1 and Supplementary Data, Table S1).

Table 1. Number of sites containing the Zinc finger C3H1-type motif at the sequence (PROSITE) and
structural (3D-PP and PDBsum) levels. The last column (A & B & C) shows those sites that satisfy the
sequence pattern C-x(8)-C-x(5)-C-x(3)-H (A), those discovered by our software that matched with the
previously described sites (B) and those in which PDBsum shows coordination with the Zinc ion (C).

Item PROSITE (A) 3D-PP (B) PDBsum(C) A & B A & C B & C A & B & C

amount of sites 125 152 124 123 124 122 122
% 100% – – 94.8% 99.2% 97.6% 97.6%

In the detailed analysis of the new sites unveiled by our software, we remark the following
particular cases:

236



Int. J. Mol. Sci. 2019, 20, 3174

Figure 3. Sequence representation of the structural alignment of the 152 sites detected in the cluster
3C1H-1. This result is delivered by 3D-PP. The diffuse lower box shows the entire representation
of the sequence alignment of the 152 sites found. The blue and green boxes show a zoom denoting
the PDBids, the chain and the original PDB residue number of each site. The red and orange boxes
exemplifies that some 3D-patterns found exhibit the expected sequence order (C-x(8)-C-x(5)-C-x(3)-H),
whereas other sites, while having the same structural orientation, do not match with the canonical Zinc
finger C3H1-type motif.

2.1.1. Putative New Zinc Ion Coordination Sites

For the protein structure with PDBid:2D9N, three sites were detected by 3D-PP. Two of them
were confirmed at both sequence and structural levels and the third was only found by our software
(Supplementary Data, Table S1, PDBid:2D9N). This new site, which is formed by the residues Cys68,
Cys76, Cys82 and His70, shares the 3 cysteine residues with a known/confirmed site but involves a
different histidine residue (His70 instead His86). As shown in Figure 4, this new identified site might
keep the coordination of the Zinc ion in cases in which, for example, a punctual specific mutation of the
residue His86 occurs. It should be noted that the calculated pKa of His86 (which forms the canonical
Zinc coordination site) and His70 (the new putative site) was below 6, indicating that both residues
are mostly deprotonated and therefore are able to establish coordination with the Zinc ion. Thus,
in theory, the Zinc ion might be “moving” between both sites, since both offer a favorable environment
to stabilize its binding. In the same line, the other 29 sites with similar features were discovered by our
software (Supplementary Data, Table S1, Tag “New Site” in column “Comments”).
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Figure 4. Putative new site discovered by 3D-PP. In the figure the residues that form the new site
detected are shown. The green sphere represents the Zinc ion.

2.1.2. Promiscuous Binding Sites

Another remarkable result was the identification of two Cadmium ion binding sites that appeared
in the same 3D-pattern cluster as the Zinc ion binding sites. These two sites belong to the crystal
structure of the Essential Transcription Antiterminator M2-1 Protein of the human respiratory syncytial
virus (PDBid:4c3d). As shown in the Supplementary Data, Figure S2, this structure effectively contains
two Cadmium ions co-crystallized, which are coordinated with 3 cysteine and 1 histidine residues.
These results are in agreement with previous reports that show that Zinc ions can be interchanged
by Cadmium ions in some enzymes [44], indicating that this 3D-pattern can act as a promiscuous
binding site. It is worth pointing out that 3D-PP does not use the information about ligand/ions
co-crystallized with the protein structures and only works with the 3D-patterns found from the virtual
grid of coordinates (see Materials and Methods Section).

2.1.3. Not Found Patterns

As we indicated above, in 2 of the 46 protein structures submitted it was not possible to identify
3D-patterns with the components 3C1H. These proteins, namely pre-mRNA-processing-splicing factor
8 of Human (PDBid:5MQF) and Yeast (PDBid:5LQW), were the biggest structures evaluated in this set
of data. Both structures are biological assemblies obtained through cryogenic electron microscopy at a
resolution of 5.9 Å and 5.8 Å , respectively. As we confirmed in our detailed analysis, low resolution—in
general—limits the possibility of obtaining all the coordinates of residue side chains, some hydrogen
bonds and small ligands such as metal ions. In the case of these proteins, most chains have only the
atomic coordinates for the backbone and unfortunately our software cannot detect 3D-patterns without
considering the side chain of protein residues.

2.2. Serotonin Target Proteins

Serotonin (5-Hydroxytryptamine; 5-HT) is a biogenic amine which is found in the gastrointestinal
tract, blood platelets and the central nervous system (CNS). In the CNS, 5-HT acts as neurotransmitter
and is released into the synaptic cleft where it interacts with specific 5-HT receptors (5-HTRs) to
activate different signal transduction pathways [45]. After that, 5-HT is pumped back into the nerve

238



Int. J. Mol. Sci. 2019, 20, 3174

terminals by the 5-HT transporter (SERT) and/or is metabolized by the enzyme monoamine oxidase
type-A (MAO-A) [46]. Even though these three types of proteins (5-HTRs, SERT and MAO-A) have
distinct functions, different sequences and diverse structural folding, they share 5-HT as the primary
endogenous ligand. As observed in the matrix of amino acids’ sequence identity (Supplementary Data
Table S2), the range of pair-wise alignment among these proteins does not exceed 22%. In addition,
their multiple sequence alignment (MSA; Supplementary Data Figure S4) only shows 15 residues
conserved but with very disperse localization. Therefore, biologically relevant results cannot be
obtained with these sequence alignment methods. To test our software, we submitted the crystal
structures of the human SERT (PDBid:5I6X), MAO-A (PDBid:2BXR) and 5-HT2A receptor (PDBid:6A93)
using the following input parameters: St: 2 Å, Rt: 5 Å, RMSDt: 4.5 Å, Dt: 2 Å and Mc: 80%. Despite
protein differences, 3D-PP was able to detect several 3D-patterns with a 100% of coverage; one of
them, the 3D-pattern 1D1G1L1Q, shows two clusters with 100% and 33% of CCv (Cluster Coverage),
respectively. The first has four sites composed of one aspartate, one glycine, one leucine and one
glutamine amino acids. These sites have an RMSD lower than 2.5 Å, show a similar 3D topological
conformation (Figure 5A), their residues are unsorted on each primary sequence (Figure 5B) and their
structural localization corresponds, for SERT and 5-HTR2A, at the extracellular side (Figure 5C,D),
whereas in MAO-A, the site was detected in the protein surface (Figure 5E). The presence of aspartate
residues on these sites could be significant because this type of amino acid has been shown to be
critical, for example, in the inner binding site (Asp-98 [47]) and the antidepressant binding site of SERT
(Asp-400 [48]), in the binding sites of the 5-HT receptors (Asp-155 [49]) and in the substrate/inhibitor
cavity of MAO-A (Asp-328, Asp-132 [50]). Thus, these sites could represent a useful starting point for
the design of allosteric multi-target drugs ([51]).

Figure 5. Conserved 3D-pattern among the serotonin target proteins. A shows the structural alignment
of the four sites forming the 3D-pattern 1D1G1L1Q. B shows a representation of a sequence alignment
of the structurally aligned sites that form the 3D-pattern 1D1G1L1Q. C, D and E show the structural
localization of the sites forming the 3D-pattern 1D1G1L1Q on the global structure of SERT, 5HTR2A
and MAO-A, respectively.

239



Int. J. Mol. Sci. 2019, 20, 3174

2.3. Finding/Discovering Unknown 3D-Patterns on Homology Model Structures

In this case, we tried to discover conserved 3D-patterns among 10 protein structures generated
through the SwissModel server (homology models). All of these proteins are over-expressed in
different types of cancer (breast, prostate, lung, gastric, etc) and correspond, for example, to the
insulin-like growth factor 1 receptor, the macrophage-stimulating protein receptor and the aurora
kinase B, among others [52]. After the assessment with 3D-PP, our results showed the existence of
several common 3D-patterns in these proteins (high PCv coverage; Max PCv = 80%) but many of
them showed high structural or topological diversity (low CCv coverage). Nevertheless, the most
structurally conserved 3D-pattern has a cluster with sites occurring in 8 of the 10 homology models
submitted (cluster 1E1G2L − 14, CCv = 100%; Figure 6A). The conservation of this 3D-pattern
(1E1G2L; one glutamate, one glycin and two leucine amino acids; Figure 6B), is attractive since
it might represent an event of convergent evolution which could be useful for establishing a
functional annotation [53], the design of new poly-pharmacological anticancer drugs [4] and/or
protein structure-based diagnosis [54]. As discussed above, this conserved 3D-pattern was detected in
spite of their non-conserved sequence order (Figure 6C).

Figure 6. Coverage of 3D-patterns detected in the homology models of over expressed proteins in
some cancer types. A shows the list of conserved 3D-patterns. B shows the structural alignment of
the sites forming the 3D-pattern 1E1G2L. C shows a representation of a sequence alignment of the
structurally aligned sites that form the 3D-pattern 1E1G2L.

2.4. Comparison with other Methods for the Search and Description of Amino Acid Patterns

Table 2 summarizes some features of computational tools aimed at the search of structural protein
patterns, with comments regarding the results obtained when the same data set used in this work
was evaluated.

In general terms, none of the software indicated in Table 2 was able to perform the same analysis
as 3D-PP. Nevertheless, they were included in the benchmark, since they are the currently available
algorithms with most similar performances/objectives as compared with 3D-PP. In spite of this, it
seems probable that with using MMDB and VAST+ tools in combination with ProBIS (and a series of
additional processing), results similar to those of 3D-PP may be obtained.
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3. Materials and Methods

3D-PP discovers conserved 3D protein patterns among an arbitrary set of structures uploaded by
the user. For this, the user must define the following five threshold parameters:

• Spacing Threshold (St): This value is used to create the Virtual Grid of Coordinates and defines,
how broad and rigorous will be the exploration of 3D-patterns. For instance, a St = 0.5, means
that every 0.5 Å in the 3D space of each protein structure, a new virtual coordinate of reference
will be created. In all cases analysed in this work (Zinc finger C3H1-type containing proteins,
serotonin target proteins and structures obtained from homology models), St values were 0.8, 2
and 0.8 Å, respectively.

• Radius Threshold (Rt): This term represents the limits of the size of the 3D-patterns searched.
Low Rt values are used to detect small binding sites ( e.g., 3 Å), whereas high values allow
identification of bigger sites (e.g., 7 Å). In the two cases analyzed in this work (Zinc finger
C3H1-type containing proteins, serotonin target proteins and structures obtained from homology
models), Rt values were 3, 5 and 2 Å, respectively.

• Displacement Threshold (Dt): This value is used to expand the size and shape for the exploration
of the 3D-patterns. By default, this value is set in 0, which means that only the spherical
3D-patterns are searched. If the user changes this value; for example, Dt = 2, two new virtual
centers will be considered for the searching of 3D-patterns. This option allows the obtaining
of seven new elliptical/oval zones that will be explored to detect non spherical 3D-patterns
(Supplementary Data, Figure S3).

• RMSD Threshold (RMSDt): This value is used for clustering the 3D-patterns detected
and represents a measure of structural variability for the sites composing each 3D-pattern.
As mentioned in the Results, this parameter allows the comparison of a 3D-pattern with those,
containing the same components (i.e., amino acid residues), previously found by 3D-PP. Thus,
if the new site exceeds the threshold values defined by the user (RMSDt) when comparing it with
the previously found site, a new cluster of the same 3D-pattern is created. Otherwise, the new
3D-pattern is included in the same cluster as that previously found. Therefore, this parameter is
crucial for 3D-PP accuracy since it allows discrimination between 3D-patterns that contain similar
components but exhibit a different topological conformations (i.e., amino acid residues which are
not in the same spatial localization/order).

• Minimum Coverage (Mc): This value allows the showing of only the 3D-patterns with a coverage
value equal to or higher than Mc.

The sites, each one defined as a structural arrangement of residues, form different structural
clusters in the same 3D-pattern. Each cluster has a central feature named coverage (Cv), which
represents the conservation level among the evaluated proteins. For example, a Cv value of 100%
denotes a cluster formed by sites occurring in all the assessed proteins and whose structural
orientation/conformation show high similarity. Detailed information about the architecture and
the essential components of 3D-PP are shown in the Supplementary Data, Figure S5.

3.1. Grid of Virtual Coordinates

One grid of virtual coordinates (GvC) is modeled for each protein structure submitted ( Figure 7).
This GvC, generated by the function FIND_SITE (Figure 8), is used for the searching of the 3D-patterns
and confers to 3D-PP the ability to prescind from any previous knowledge about the ligands or binding
sites in the protein structures.

Briefly, each GvC is constructed as follows:

• the min and max values of the X, Y, and Z axis of each structure are obtained.
• a virtual box whose size is determined by the previous values is defined (Figure 7A).
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• the virtual box is filled by reference coordinates (x, y, z) distanced between them by an user-defined
value (e.g., St = 2 Å, Figure 7B).

• only the reference coordinates that show at least four residues surrounding (at a user-defined
distance, e.g., Rt = 5 Å) will be considered for the final grid (Figure 7C.)

Figure 7. Grid of Virtual Coordinates (GvC). Letters A, B, and C, show the process of creating a Grid
of Virtual Coordinates for each protein structure. The red spheres represent the reference coordinates
from which the searching of 3D-patterns will be done.

3.2. Protein Preprocessing

This step represents the core of 3D-PP since it is responsible for the identification of all possible
sites (arrangements of structurally related amino acids) and generates all input data for the graph
database. It is worth noting that the identification of the sites is independent of the order of the amino
acids sequences of proteins. This pre-processing considers all chains of each protein separately and
utilizes the GvC previously generated. The GvC is used as follows:

• residues of the proteins surrounding each coordinate of the GvC until a user-defined distance (Rt)
are grouped.

• groups of residues with at least four components are considered as a site.
• a vector with the list of residues is defined for each site. Then, the sites are transformed into a

representation of components through a sorted alphabetical list which contains the one letter
code of the amino acid and the amount of occurrences of the same amino acid (e.g., the site
“H31:I32:K10:K90:L11:L12:L7:P92:S3:S8:T9” is transformed into “1H1I2K3L1P2S1T”).

• If two different sites match in their representation of components (e.g., “1H1I2K3L1P2S1T”),
the RMSD between these two sites is measured. If the RMSD exceeds the threshold values defined
by the user (RMSDt), a new cluster of the same 3D-pattern is created. On the contrary, a new
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site is added to the current cluster. This step is implemented to avoid two sites having the same
components but different 3D conformations, being grouped in the same cluster. It should be
noted that if the user set too permissive RMSDt values (high values), there are more possibilities
for grouping sites with different structural topologies; thus, many false positives can occur.

Figure 8. Pseudocode of the FIND_SITES function of 3D-PP. Figure 8 shows the pseudocode of the
function for the searching of 3D-patterns without any previous knowledge about the ligands or binding
sites in the protein structures. On each line of the algorithm is indicated the computational complexity.

3.3. Creation of the Graph Databases

For each protein structure submitted, a new graph database is created simultaneously using
parallel programming approaches. In these databases, the new sites identified are stored as a
new node (SITE node; Supplementary Data, Figure S6A). Then, the main graph database, which
is an extension of the first model, is used for the unification of data (e.g., 3D-patterns and sites of
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the protein 1, 3D-patterns and sites of the protein 2, etc.). For this, all the SITE node attributes
are used to create or connect the corresponding PATTERN nodes, CLUSTER nodes and finally,
to establish the edges SITE_IN_CLUSTER, CLUSTER_IN_PATTERN, and PATTERN_IN_PROTEIN
(PATTERN_IN_PROTEIN; Supplementary Data, Figure S6B).

It is important to note that the PATTERN node with the highest amount of PATTERN_IN_PROTEIN
edges represents the 3D-pattern with the highest coverage value. Moreover, if this PATTERN node
has few CLUSTER_IN_PATTERN edges it is possible to estimate that the sites that are part of this
3D-pattern have a high level of structural and topological conservation. On the contrary, many
CLUSTER_IN_PATTERN edges indicate a high level of structural diversity.

3.4. Result Visualization

The first level of results shows, as a graph and dynamic data tables, all 3D-patterns discovered
in the set of protein structures submitted. Additionally, the user can search sub-patterns of interest
through a simple regular expression query. For instance, the regular expression ^2C.*2H$, will detect
all the sub-patterns that begin with 2C and finish with 2H, with any character in between, which
represents a 3D-pattern containing precisely two cysteines, two histidines and any other amino acids.

Once the measures have been done, every 3D-pattern has the following ranking features available:

• In Prot: The number of proteins in which a specific 3D-pattern was detected.
• Not In: The number of proteins in which a specific 3D-pattern was not detected.
• % Protein Coverage(PCv): Level of conservation of a 3D-pattern in the set of proteins evaluated.

The PCv is calculated as follow:

PCv = In Prot/(amount of proteins submitted)

A high PCv value (e.g., 80%) indicates that a pattern containing a certain type of residues is found
in many proteins (e.g., 80% of the proteins analyzed). It is worth noting that the sites composing
a 3D pattern found do not necessarily exhibit the same structural topology in all the proteins in
which such a pattern occurs.

• # Total Sites: Amount of sites (arrangement of residues) which are part of a specific 3D-pattern.
• # Clusters: This value represents the structural variability of a 3D-pattern. Thus, a low number of

clusters denotes low variability and, on the contrary, a high number of clusters is indicative of
several structural conformations (with different topologies) of sites forming a 3D-pattern.

• % Max. Cluster: Represents the cluster with the highest coverage on each 3D-pattern.

The second level of results appears in the exploration of a particular 3D-pattern. Here, all clusters
identified for the selected 3D-pattern are shown as a dynamic data table, where the following features
are available:

• #Sites: Amount of sites (arrangement of residues) which are part of a specific cluster.
• In Prot: The number of proteins that contain a particular 3D-pattern.
• % Cluster Coverage(CCv): Level of conservation of a cluster in the set of proteins belonging to a

particular 3D-pattern. The CCv is calculated as follows:

CCv = In Prot/(amount of proteins into a particular cluster)

A high CCv value (e.g., 80%) indicates that a pattern with the same structural topology is present
in most of the proteins (80%) of the corresponding cluster.

• Sequence Alignment: This button shows a multiple sequences-based alignment of the residues of
each site of a specific cluster.

• Structural Alignment: This button displays a jsmol viewer with multiple structural-based
alignments of the residues of each site of a particular cluster.
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The last level of results is displayed selecting a particular cluster. Here, all the sites grouped into
a specific cluster are shown as a dynamic data table and the following features are available:

• Site: Information of the name and number of the residues forming the site.
• Protein: Name of the protein where the site was detected. This variable can be the PDBid or the

name of the file, in the case of homology models.
• Chain: The chain where the site was detected.
• RMSD: Root mean square deviation of atomic positions of the particular site against the

reference site.
• SiteID: Referential coordinate of the GvC from where a specific site was detected.
• ViewSite: This button shows a jsmol viewer loading the protein and highlighting the residues

corresponding to a particular site.

4. Conclusions

In this work, we present 3D-PP, a new free access web server for discovering and recognition
of all similar 3D amino acid patterns among a set of protein structures. Our software has three main
features that confer competitive advantages as compared with other similar computational tools: (a)
3D-PP does not require previous structural knowledge about ligand(s), motif(s) or binding site(s);
(b) 3D-PP utilizes a scalable, high-performance graph database; (c) 3D-PP can be used with protein
structures from both experimental biophysics techniques (X-ray crystallography, NMR, etc.) and
in silico homology modeling. Also, the results are shown as simple and intuitively dynamic lists of
sequence/structural patterns that can be further analyzed within the web page.

We performed three representative types of uses of 3D-PP. (I) In the first case, using a set of
protein structures containing the small 3D-pattern knows as Zinc finger, our software was able to
detect almost all (98%) Zinc finger C3H1-type contained in the PROSITE database and described
in crystal structures. Also, 3D-PP unveiled several new sites that have similar structural features
to the known sites but which neither have a Zinc ion in the original structure nor a match between
the sequence of these sites and the established sequence pattern for this type of motif. Thus, our
results indicate that 3D-PP discovered new putative Zinc ion binding sites. As discussed in the
Results, some of these new identified sites might serve to enhance the robustness of a crucial biological
structure-derived function, by keeping the coordination of the Zinc ion in cases in which, for example,
a punctual specific mutation might occur; (II) In the second case, we discovered some conserved
3D-patterns in the serotonin target proteins. This finding is significative considering that these proteins
(5-HTRs, SERT and MAO-A) have distinct functions, different sequences and diverse structural folding;
(III) In the third case, we found some conserved 3D-patterns in a set of protein structures coming
from the in silico homology models methodologies. Considering that the X-ray structures solved until
March 2019 reach a coverage of nearly 50% of the human proteome, the use of homology models
substantially improves the scope of these kinds of structure-based methods. In this case for example,
our criteria of selection was as ample as “Proteins overexpressed in different types of cancer’,’ which
indicates the versatility of 3D-PP.

It is important to mention at least two limitations of 3D-PP. First, it should be noted that to identify
two (or more) 3D-patterns as conserved, 3D-PP considers only sites that contain the same components
(amino acid residues). It is known that, for instance, some promiscuous drugs/ligands can interact
with more than one target even if the corresponding binding sites are not composed of identical amino
acids but of residues with similar properties (e.g., hydrophobicity, acid or basic character, aromatic
character, etc.). Therefore, 3D-patterns with “similar” structural and functional properties, but with
a different composition, will not be detected by 3D-PP. The other limitation is that 3D-PP gives no
information about the accessibility/drugability of the conserved 3D-patterns identified. Therefore, if a
3D-pattern is either embedded into the protein structure or in a relatively inaccessible location, it could
be unproductive to try to develop compounds aimed to act at that site. Beyond these limitations,
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and considering as a basic idea that protein structure is more conserved than sequence, 3D-PP appears
to be a flexible and user-friendly tool for identifying conserved structural motifs, which could be
relevant to improve our knowledge of protein function or classification.

Supplementary Materials: Supplementary materials can be found at http://www.mdpi.com/1422-0067/20/13/
3174/s1.
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fast detection of biomacromolecular structural patterns in the entire Protein Data Bank. Nucleic Acids Res.
2015, 43, 383–388. [CrossRef]
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Abstract: The number of available protein structures in the Protein Data Bank (PDB) has considerably
increased in recent years. Thanks to the growth of structures and complexes, numerous large-scale
studies have been done in various research areas, e.g., protein–protein, protein–DNA, or in drug
discovery. While protein redundancy was only simply managed using simple protein sequence identity
threshold, the similarity of protein-ligand complexes should also be considered from a structural
perspective. Hence, the protein-ligand duplicates in the PDB are widely known, but were never
quantitatively assessed, as they are quite complex to analyze and compare. Here, we present a specific
clustering of protein-ligand structures to avoid bias found in different studies. The methodology is
based on binding site superposition, and a combination of weighted Root Mean Square Deviation
(RMSD) assessment and hierarchical clustering. Repeated structures of proteins of interest are
highlighted and only representative conformations were conserved for a non-biased view of protein
distribution. Three types of cases are described based on the number of distinct conformations
identified for each complex. Defining these categories decreases by 3.84-fold the number of complexes,
and offers more refined results compared to a protein sequence-based method. Widely distinct
conformations were analyzed using normalized B-factors. Furthermore, a non-redundant dataset
was generated for future molecular interactions analysis or virtual screening studies.

Keywords: protein-ligand complexes; dataset; clustering; structural alignment; refinement

1. Introduction

Protein structures are the support of essential biological functions. They are highly dynamic
macromolecules and adopt an ensemble of conformations during their lifetime. Multiple resolution
techniques have been elaborated to access their three-dimensional structures. X-ray crystallography
and Nuclear Magnetic Resonance spectroscopy (NMR) are the most common and efficient resolution
methods. The obtained structures are stored and freely available for the scientific community in the
Protein Data Bank (PDB) [1], a widely used public database since the 1970s. A significant increase in
structure deposition throughout its existence is observed, e.g., going from 54,000 protein structures in
2008 to 160,000 in 2020. PDB does not exclusively contain protein structures, ligands are also displayed
in PDB structures, resulting in a larger number of protein-ligand complexes. They are widely used in
structure-based drug discovery [2]. Structures of ligand complexes are used for drug design purpose,
e.g., they can be used to train scoring functions of protein-ligand interactions [3]. They are also
critical in the understanding of the underlying principles of intermolecular interactions, e.g., the recent
analyses of halogen interactions between proteins and ligands [4]. These structures are also often
utilized to benchmark novel methods in the realm of molecular modeling.
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Nevertheless, a major difficulty to perform a proper benchmark for a specific method using
resources, such as the PDB, is to ensure an unbiased protein dataset, i.e., specific non-redundant
datasets must be produced. Multiple methodologies exist to evaluate and generate such non-redundant
protein datasets using underlying amino acid sequence information, e.g., PDBSelect [5] or PISCES [6].
Heuristics have also been proposed to be quick and usable for large datasets, e.g., BLASTCLUST [7]
or CD-HIT [8]. Only a very limited number tried to take into account the protein structure, e.g.,
PAPIA [9]. Today, tools available on the PDB website allow non-redundant dataset retrieval using
sequence similarity measures alone. As protein structures are, in a certain extent, subjectively created
models, their recurrence can improve the confidence for a structure. Even so, these repetitions, or
redundancy, can induce bias. It is widely acknowledged within the PDB by the scientific community,
yet ill-considered. The only studies related to this subject are focused on conformational ensembles,
such as NMR structures, corresponding to 8.5% of the PDB [10,11], which are, by definition, highly
similar models.

While most of the previous methods focus only on protein sequences, proteins bound to DNA, to
RNA, to small molecules, or to amino acids containing post-translational modifications (PTM) [12] are
more difficult to analyze due to their diversity. For instance, in structures of protein–DNA complexes,
proteins can have easily reach thousands of amino acids while a DNA structure of more than 15 bp is
rare [13]. The situation is similar to protein-ligand complexes and directly affects their analyses.

Today, a few tools exist to gather proper protein-ligand complexes datasets. The Binding Mother of
All Databases (MOAD) [14] includes 25,769 high-quality (resolution better than 2.5 Å and biologically
relevant ligands) protein-ligand complexes taken from the September 2017 PDB. They address the
question of redundancy by looking at the protein sequence and using molecular fingerprints coupled
with Tanimoto coefficient regarding the ligands [15]. PDBBind [16] provides yearly releases and
contains currently 17,900 biomolecular complexes in the 2017 version. They proposed a limited number
of proteins defining a ‘core set’ to try to handle the question of redundancy curated manually [17].
The scPDB [18], an annotated database of binding sites in the PDB, contains 4782 proteins and 6326
ligands in its 2017 release. In its original publication [19], absence of redundancy is mentioned in their
dataset without provided metrics. While these databases offer refined protein structures, none of them
explore and assesses the structural diversity of their complexes.

Previous work by Wallach and Lilien in 2009 [20] already focused on this particular issue. To
improve the quality of binding models extracted from PDB complexes, a non-redundant dataset
was generated, considering sequence similarity for the protein part (BLASTp) and small molecule
fingerprint similarity metrics. However, they do not consider cases where identical ligands bind to
different binding sites on the same protein. Furthermore, no structural assessment was performed
in their study. The last update of the dataset was performed in 2013. Drwal and coworkers have
recently published a study on 2911 complexes from the PDB including 1079 fragments and 1832 small
molecules highlighting fragment binding mode conservation in 74% of the dataset [21]. Small element
substitutions on fragment have little to no impact to the fragment-binding mode and interaction
patterns appear to be maintained.

Here, we propose a first quantitative evaluation of the structural redundancy observed in PDB
focusing on protein-ligand complexes. Basic statistics on overrepresented proteins and molecules
are derived. A specific clustering is performed to define the accurate number of unique complexes
resulting in the generation of a refined dataset for molecular interaction studies or virtual screening
protocols. Finally, we discuss and illustrate some of the surprising findings.
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2. Results

2.1. Initial Dataset

2.1.1. Statistics

The initial database query retrieved 110,735 interacting complexes from 3decision™ software.
Multiple filtering steps such as ligand size, single bond ratio, protein chain size, and number of
residues in contact with ligand (as described in Materials and Methods) were performed. This phase
contributed to a reduction of our initial dataset to 92,475 protein-ligand complexes (see Figure 1). These
protein-ligand sets are spanned across 39,411 PDB entries. At this stage, one ligand can be bound to
more than one protein chain; thus, each case of multimeric complex was then separated culminating in
104,777 individual protein-ligand conformations, i.e., monomeric data (see Figure 1). These units were
then analyzed to define different sub-datasets.
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2.1.2. Diversity

Unsurprisingly, from the multimeric complex dataset, the most represented ligand in the
PDB is the heme (PDB residue code Protoporphyrin IX Containing FE (HEM)) with 9088
occurrences, accounting for a representation of 7.9%. Expected popular ligands are present
among the 10 most frequent molecules in the PDB, such as nucleobase derivatives, e.g.,
Adenosine-5’-Triphosphate (ATP), Nicotinamide-Adenine-Dinucleotide (NAD), Flavin Mononucleotide
(FMN), S-Adenosyl-L-Homocysteine (SAH) (see Figure 2A). Interestingly, using SMILES identity,
a large number of 17,135 unique small molecules are found. Consequently, this unbalanced ligand
distribution is reflected among our protein representation where nucleotide coenzymes receptors
and heme receptors are also frequently observed (Figure 2B). The strong occurrences of these specific
ligands and receptors culminate logically in a large presence of their corresponding complexes. Heme
bound to nitric oxide synthase, with respectively 9,088 and 921 occurrences, are represented by 501
distinct conformations (see Figure 2C).
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Figure 2. Top 20 distributions in monomeric dataset. (A) Distribution of ligands. (B) Distribution of
protein chain (with UniProt IDs). (C) Distribution of protein-ligand complexes (with UniProt IDs and
residue code).

2.2. Singular Protein-Ligand Complexes

The simplest type of complexes to analyze are the singular complexes as they were defined as
such when no other identical ligand or identical proteins were found for these complexes, namely the
singular dataset. Moreover, 15.7% of our dataset (16,458 out of 104,777 monomeric complexes) fit this
description (see Figure 1).

Distribution of ligands among the singular dataset reveals nucleobase-like molecule remains the
top representation with a combined 739 occurrences for Phosphoaminophosphonic Acid-Adenylate
Ester (ANP), AMP, Adenosine-5’-Diphosphate (ADP), and ATP. Heme is slightly underrepresented
compared to its overall distribution in our initial dataset with 174 cases for HEM residue code and 152
instances for Heme C (HEC) residue code. Moreover, 84.7% of these small molecules have only one
representation in this unique dataset.

Those 16,458 complexes represent 5239 distinct protein chains, 2232 only present once in this subset.
The remaining 3007 protein chains feature, on average, 4.73 distinct ligands with a distribution largely
unbalanced. As an example, two distinct binding sites of the carbonic anhydrase enzyme are interacting
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with 259 distinct ligands. One of these binding sites is illustrated in Figure 3, where three different
ligands are shown interacting with the same pocket. Similar redundancy is observed for prothrombin,
β-secretase 1, and cyclin-dependent kinase 2 with, respectively, 204, 199, and 195 occurrences.
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Figure 3. Three-dimensional (3D) representation of three different ligands bound to Carbonic Anhydrase
2 receptor (Protein Data Bank (PDB) IDs 4iwz in green, 2rfc in blue, 2hl4 in yellow).

These singular complexes shown here highlight general tendencies towards specific protein targets
in biological research field. Recurrent proteins bound with distinct ligands underlines important
binding residues and conserved molecular fragment used in ligand optimization. For instance, 95.1%
of prothrombin proteins found in the PDB involve residue W215 and 94.1% A190 in the binding
mechanism. Other less frequent residues involve E217 in 55.0% of complexes and F227 in 24.5% of
complexes (see Figure A1).

2.3. Protein-Ligand Complexes Groups

The remaining units represent 88,319 conformations, i.e., 84.2% of our dataset. Conformations
with identical ligands, protein chains, and similar binding sites were grouped and compared to each
other within the group.

At first, an initial number of 18,478 groups (of complexes) were generated containing between 2
and 501 conformations. As each group features at least two units, distribution of conformations count
per complex was analyzed (see Figure 4). It shows an unbalanced representation, where complexes
with few conformations are predominant: the 9542 of groups (51.6%) featuring two conformations
represent 21.6% of the 88,319 conformations. Still, complexes with more than 30 conformations tally
for 17.8% conformations and only 1.4% of the groups; the biggest group is again for brain nitric oxide
synthase, with 501 occurrences.
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Then, a structural alignment and quantification was performed between each unit within one

group on common binding residues, e.g., n(n−1)
2 comparisons per group with n being number of

conformations. Over 1,130,000 superimpositions and weighted fragment root mean square deviation
(wRMSDf) computations were performed. Groups were then split between homogeneous binding
modes, i.e., identical conformations, and heterogeneous binding poses, i.e., sharing some similarity.

2.3.1. Homogeneous Complexes

Homogeneous complexes are defined as groups for which each conformation is identical to each
other, i.e., conserved binding modes. Each comparison among one group results with a wRMSDf value
below 1.0 Å and no distance between aligned fragments was greater than 1.5 Å.

Moreover, 12,840 groups were considered as homogeneous in our dataset, equivalent to 48,075
units (45.9% of our monomeric dataset, see Figure 1). As those complexes display identical binding
modes, a 3.75-fold reduction can be processed when considering only one representative per group,
i.e., 12,840 unique representatives.

Multiple group sizes are represented across these complexes. A large number of redundant
conformations for one complex is expected in NMR structures. However, the largest group is
composed of 173 units across 158 unique PDB X-ray entries. One representative of this heme bound to
mitochondrial cytochrome C peroxidase complex is available through PDB entry 1aen.

Almost every superimposition made in the homogeneous subset is associated with a good binding
residues alignment. However, some interesting cases, 160 complexes (1.6%), displayed a significant
number of distinct binding residues; thus, not selected for superimposition. Specific visual inspection
of those cases indicates: (i) due to protein inner flexibility, these binding residues are identified in
only one conformation as the detection depends on a distance threshold (e.g., highlighted by distance
in Figure 5) and (ii) other residues can be unresolved in one of the structures (corresponding to
residues colored in red in Figure 5). It must be noted that since ligand-binding modes remain identical
in homogeneous groups, missing residues and ambiguous residue detection do not impact neither
binding site superposition nor assessment.
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Figure 5. Three-dimensional representation of WelO5 protein in complex with 6CU ligand stick
representation (PDB IDs 5iqv green and 5iqu magenta). Residues in PDB entry 5iqu that are unresolved
in PDB entry 5iqv are colored in red. Closest distances observed are shown in dashes. Superposed
residues are displayed in spherical representation.

This descriptor describes the similarity in pocket shape. Moreover, 97.1% of our homogeneous
comparisons display a pocket RMSD less than 0.5Å, i.e., structurally conserved pocket. Overall,
structure superposition result in identical pocket shape with an average pocket RMSD of 0.18Å with a
standard deviation of 0.13 Å.

Only 615 comparisons out of 233,417 (0.26%) have a pocket RMSD greater than 1.0 Å. These
specific cases are largely caused by flexible secondary structure, such as loop highlighted in Figure 6.
Visual inspection of flavin adenine dinucleotide receptor with Flavin-Adenine Dinucleotide (FAD)
ligands shows a significant number of binding residues that are conserved. However, residues such
as G397 belong to a flexible loop leading to a 11.7 Å distance between the two Cαs after alignment
(highlighted by orange dashes on Figure 6). E49 and V395 also displayed significant differences with
7.4 Å and 3.0 Å shifting. Interestingly, these deviations can highlight either potential multiple binding
roles due to their proximity with the ligand in either cases or space filling characteristics.Int. J. Mol. Sci. 2020, 21, x FOR PEER REVIEW 8 of 18 
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Figure 6. Three-dimensional representation of superposed Flavin-Adenine Dinucleotide (FAD) binding
sites of flavin adenine dinucleotide receptor. Structurally conserved residues are displayed in ‘lines’
representation. Flexible residues are displayed in ‘stick’ representation and in darker colors with their
corresponding deviation highlighted by dashes (PDB IDs 1cqx in green and 3ozv in purple).
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2.3.2. Heterogeneous Complexes

Finally, the remaining 5638 complexes corresponding to 40,244 conformations (38.4% of our
dataset), present at least one comparison where either wRMSDf is greater than 1.0 Å or one distance
between compared fragments above 1.5 Å. To avoid unnecessary clustering, if every comparison within
one group was greater than 2.0 Å, complexes were automatically considered as distinct. Clustering
was performed in situations where both high and low wRMSDf values were observed to extract the
representatives poses.

Filtering and clustering resulted 10,331 distinct binding modes across those 40,244 conformations,
corresponding to an interesting 3.89-fold reduction. Moreover, three subgroups were distinguished
from these: (i) 2548 complexes (17,602 conformations) with only one cluster, i.e., one representative,
(ii) 2360 unique conformations from complexes with only distinct conformations (wRMSDf > 2.0 Å),
and (iii) 5423 representative conformations originated from complexes with scattered clusters size.
The latter accounts originally for 2006 complexes represented by 20,283 conformations, with a high
number of complexes represented by less than five similar representatives (Figure 7).
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Figure 7 underlines the number of representative units generated from clustering relative to the
number of initial conformations available. Interestingly, despite having initially 22 complexes with
more than 100 initial distinct conformations, none leads to more than 35 conformations, and only four
have more than 20 distinct conformations.

The most redundant complex in our dataset, 501 distinct structures of heme bound to brain nitric
oxide synthase, was clustered into one representative binding modes, with an average wRMSDf of 0.37
Å (standard-deviation 0.18).

Intriguing results arise especially in the study of NMR structures. For instance, Figure 8 highlights
12 distinct binding modes identified for xylose isomerase protein (PDB id 1xlf) among 30 protein-ligand
conformations. The biggest cluster being composed of six similar units. A cluster of three conformations
in Figure 8A displays excellent superposition with an average wRMSDf of 0.73Å, while alignments on
other representatives display significant structural deviation (three examples highlighted in Figure 8B).
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Figure 8. Three-dimensional representation of Cardiac Troponin with Bepridil (PDB ID 1lxf), ligand
represented in ‘stick’ representation, binding residues in ‘lines’ representation: (A) Cluster of three
identical ligand conformations (average weighted fragment root mean square deviation (wRMSDf) 0.67
Å), (B) three distinct conformations extracted from same NMR structural model (average wRMSDf 2.90 Å).

Finally, structure assessment on small clusters was performed using B-factors. Clusters featuring
three or more identical conformations were considered as structurally stable and therefore devoid of
bias in atom positioning during resolution. For the remaining clusters, with three or less conformations,
B-factors were extracted and normalized, corresponding to 7672 X-ray structures with a resolution
greater than 1.5 Å.

Moreover, 1199 conformations displayed a ligand normalized B-factor value above 2.0Å2,
an arbitrary threshold but described as clearly flexible by Bornot et al. [22]. The average normalized
B-factor values calculated on both backbone and side-chain residues indicate mostly rigid or
intermediate environment for these ligands. Surprisingly, only four cases (highlighted in red in
Figure 9) display both mobile ligand and binding sites and only 77 cases featured flexible side-chains
(above 2.0 Å2). This observation illustrates an overall binding site rigidity in opposition to ligand
flexibility. Overall, 1211 conformations from our initial 7642 representatives can be categorized as
cautionary due to high flexibility in either the ligand or protein counterpart. Of course, the positioning
of some of these ligands could be attributed to low resolutions or poor fitting of the ligands in the
electron density map.
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2.4. Non-Redundant Dataset Generation

This study focusing on binding modes diversity results in the generation of a non-redundant
dataset of protein-ligand complexes based on those refined binding modes with no systematic
bias. The criteria to select the representative for each cluster is an aggregate ranking between
structure resolution, the maximum number of contacting residues and the averaged wRMSDf for each
conformation. Following the previous described step (singular dataset and representative of the two
categories of non-singular datasets), the proposed non-redundant dataset of 39,629 complexes. Hence,
this supervised approach leads to a pertinent and significant 2.64-fold reduction over the initial dataset.
The final list (see Appendix A) contains PDB IDs, ligand residue code, and number as defined in the
PDB, and their corresponding conformation in case of NMR structures or alternate conformations.

A critical comparison must be done with the most classical approach to define a non-redundant
dataset, i.e., a simple sequence identity threshold without consideration of ligand. It would have
produced a dataset of 9997 complexes, i.e., a considerable loss in regard to the final proposed dataset.
Associating ligand similarity to the process, 30,873 distinct complexes would have been generated,
a 22.1% decrease compared to our final non-redundant dataset. This discrepancy comes from multiple
circumstances, such as (i) considering multiple binding sites per protein chain with the same ligand
generating specific instances (ii) differentiating conformations through structural comparison of distinct
binding modes.

Our final dataset includes 31,846 complexes with only one binding mode observed in the
PDB and 4366, characterized by multiple representative units. Moreover, 95.0% of those recurring
complexes have less than five representative conformations. Similarly to sequence-based approach,
our non-redundant dataset still retains 9997 distinct protein chains. Carbonic anhydrase 2, β-secretase 1,
and cyclin-dependent kinase 2 proteins are among the recurrent complexes identified with 332, 297 and
272 occurrences respectively. These values are mostly due to the diversity of ligands crystallized with
these proteins of high interest.

To note, 16,771 distinct ligands are identified, with heme still being one of the most recurrent
ligands. However, compared to the 9088 instances of heme observed in our initial dataset, clustering
has reduced heme representation by a factor 8.4 (see Figure 10). Similarly, flavin adenine ligand (FAD)
occurrences have been reduced by 6.4-fold indicating a significant redundancy for the most frequent
small molecules. Hence, it should be noted that this difference of 22% in terms of occurrence reflects
the fact that the lists are very different. In the list based only on the sequences, the cases noted as
redundant are taken as a single entry. Likewise, related proteins are automatically eliminated even if
they can be involved in very different interactions.
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3. Discussion

Throughout this study, we’ve highlighted the diversity and conservation of ligand binding poses
in complex with identical protein. The number of distinct binding modes in the PDB can be reduced to
39,629 complexes, a significant decrease compared to the initial dataset.

While protein-ligand datasets were generated in the past such as scPDB [19], they only focus on
specific criteria such as resolution, drug-like ligand, and binding residue. Generation of similar dataset
using PICSES webserver can result in more than 130,000 protein chains, but mainly do not take into
account the question of the ligand as it is only using protein sequence [6].

Our analysis features both structural analysis and supervised dataset generation that can be
used to various degrees. Results and non-redundant dataset, available in supporting information,
can be used for multiple purposes such as highlighting conserved and mobile residues in the binding
mechanism for specific protein (see Figure 6). Ligand diversity for one specific binding site (see Figure 3)
can also be easily explored using our results. Using the distinct representative conformations of one
complex (displayed in Figure 8) to refine ensemble-docking results is another way our results can be
exploited in the future. Our approach takes into account the possibility that a specific ligand interacts
with different sites of the same protein. This opportunity had been rarely taken into account, but could
be of great help in the search for catalytic, binding, or regulatory allosteric exosite [23,24].

The multiple levels of redundancies observed across PDB relative to protein-ligand context have
also been underlined. Specific protein chains are largely overrepresented and were analyzed thoroughly
in our dataset. Hence, the 501 conformations of the most recurrent complex, heme bound to brain
nitric oxide synthase, are all structurally identical from a binding perspective. Consequently, the 9088
occurrences of heme complexes can be represented by 1090 unique binding modes.

Furthermore, our methodology is not biased by small discrepancies in the protein chain. Missing
residues or insertion of a chimeric peptide still lead to similar binding modes that are well retrieved
in our study. Structures available in poor resolutions can be validated by the co-occurrence of other
redundant structures with high structural similarity for instance. We can also notice the specific interest
of clusters of distinct ligand conformations. Indeed, they can reflect attractive dynamics and specifics of
the binding affinity. Using different computational approaches such as scoring docking functions and
molecular dynamics, they would be stimulating cases to apprehend their different binding affinities.

A comparison between structural similarity metric can also be discussed. RMSD computed with
atoms is generally used in structural comparison studies. This approach requires matching predefined
atom labels to compute deviation distance. We were surprised to found high RMSD for many entries
that were clearly identical. Indeed, sometimes atom labels were inverted across different entries
leading to high distance over perfectly superposed fragment. Figure 11 illustrates such instance where
after superposition, two ligands are aligned but atom annotation in PDB are completely inverted in
rings, e.g., C11 or F1 atoms, resulting in an atomic RMSD of 2.9 Å compared to a wRMSDf value of
0.8 Å. Pearson correlation coefficient computed across these two metrics in our dataset resulted in a
correlation factor of 0.64, indicating a moderate correlation. Using wRMSDf in our case avoid this type
of bias induced by annotations.
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Nonetheless, fragment RMSD has its own limitations, aromatic rings plane rotation for instance
aren’t well characterized. Two perpendicular aromatic rings superimposed on their center of
mass will not be quantitatively different despite the potential change in interaction geometry and,
consequently, nature.

Threshold used to define structural similarity can also be discussed. Indeed, evaluation of docking
approach often uses a RMSD (atom-based) value less than 2.0 Å to consider a ligand pose similar to
the native state. However, RMSD represent an average-like measure of similarity. Therefore, a value
of 2.0 Å can highlight various cases: (i) a shift of the entire molecule as illustrated in Figure 12A
(ii) a structurally conserved ligand region in the binding site and a significant deviation of some
fragments in Figure 12B.
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(PDB IDs 3hnd in blue and 3hnf in magenta, wRMSDf 2.08 Å), (B) fragment shift in trypsin S3 pocket
(3ljj in blue 2zft in magenta, wRMSDf 1.97 Å).

4. Materials and Methods

The 128,843 protein structures were downloaded from the Protein Data Bank website; they were
obtained by X-ray crystallography, NMR and cryogenic electron microscopy (cryo-EM) methods.
They were processed and analyzed using our knowledge-based database Discngine 3decision™.
Regarding NMR ensembles, each model was processed separately as a distinct protein-ligand
conformation. Structures were annotated using multiple sources, such as UniProt [25], ChEMBL [26],
PFAM [27], and Prosite [28]. Each structure was assigned to one (or multiple, e.g., alternative splicing
events or chimeric protein) UniProt reference sequence(s) using the structure residue sequence and
UniProt reference sequence.

Those annotations allowed a precise description of the specificity of one particular protein
chain, macromolecules and ligands, mainly defined as heteroatoms, across multiple structure entries.
No condition filter was applied regarding the ligand type, natural or designed ligand. This decision,
purely subjective, was done to offer the broadest possible view of the data available to the scientific
community. Similarly, the 3decision software automatically detected crystal contacts observed at the
ligand level, and ligands whose positioning was suspicious were not considered for the study. For our
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current study, complexes were selected by narrowing to a set of specific ligands. Only molecules
with at least one ring, a molecular weight between 250 Da and 850 Da, and single bond fraction
below 90%, were retained in this dataset. Ligands must have had no covalent bond to be selected.
To discard ambiguities, protein chains interacting with the small molecule were characterized using
their UniProtKB identifier [25].

An initial dataset was constituted by taking all the protein chains binding to at least one ligand.
One protein chain per ligand was considered. If one ligand was bound to multiple protein chains,
i.e., multimeric complex, then each couple chain-ligand was split and considered as a distinct unit.

Two complexes were grouped and compared to each other when both protein chains and ligands
were considered as identical. In our case, two protein chains were identical when their UniProtKB was
equal; ligands were considered as similar using their canonicalized SMILES fingerprint [29].

Nonetheless, having two identical proteins and ligands doesn’t necessarily represent the same
binding sites, e.g., one hypothetical case involving two identical ligands bound to the two extremities
of the same protein chain. Thus, molecular contacts were calculated between protein chain and ligand
atoms to highlight interacting residues for every unit. The classical sum of van der Waals radii + 1.0 Å
between ligand and protein atoms was used as distance threshold. To be sure, we are comparing the
same binding pockets; at least 3 common interacting residues across two different units were required
to make a comparison.

Thus, two similar complexes were superimposed through a structural alignment performed
on common binding residues Cα. To perform such alignment, a minimum of 3 identical binding
residues in the two different pockets was required. The superposition optimization followed the
Kabsch algorithm [30] and was iteratively performed by favorably weighting spatially close residues
at each step.

A critical issue here is the heterogeneous atom labeling that can be a source of error in root mean
square deviation (RMSD) calculation due to inverted atom labeling, particularly in ligands. To quantify
structural similarity between two units, a custom root-mean square deviation (RMSD) was calculated
on both ligands. Molecular fragments were generated from ligands with their corresponding center of
mass calculated. Aromatic rings and functional groups were preserved while long aliphatic chains
were split into multiple fragments. The Weighted fragment Root Mean Square Deviation (wRMSDf)
similarity metric was then computed given by the formula:

wRMSDf =

√√√ N∑

i=1

natoms_i

natoms_lig
δ2

i (1)

With N number of fragments, natoms_i the number of atoms within the fragment i, natoms_lig the
total number of atoms within the molecule and δi the distance between the fragment’s center of masses.
Molecular fragmentation was performed in Pipeline Pilot R2 2017 [31].

Euclidean distances between fragments’ centers of mass were also computed. RMSD of binding
residue alpha carbon was also retrieved to assess the (i) the superimposition quality, and (ii) the structural
diversity in binding pockets, i.e., grasp the potential mobility of some residues in the pocket.

Using these calculated metrics, rules were defined to characterize two units as similar: (i) a wRMSDf

value below a threshold of 1.0 Å and (ii) no distance greater than 1.5 Å between two fragments’ center
of masses. As large number of conformations can sometimes be compared between each other for
highly recurrent complexes, hierarchical clustering (with complete-linkage as agglomeration method)
was performed using wRMSDf measure as a distance metric using R 3.4.4 [32].

Protein-ligand conformations were finally clustered in three categories. Units that do not share
similar ligand, similar chain receptor or similar binding residues, i.e., binding sites, with other
complexes, were defined as singular complexes. Cases where every conformation of one complex
was identified as identical, i.e., limited structural deviation, were labeled as homogeneous complexes.
Groups of conformations resulted from clustering were qualified as heterogeneous.
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B-factors were retrieved from PDB structure and normalized as done in [22]. In our study, only
normalized B-factors of binding residues and ligand were considered. B-factors were averaged for
each residue and then averaged for each binding pockets.

5. Conclusions

Throughout this study, the structural diversity and redundancy of protein-ligand binding modes
was assessed in the PDB for the first time. This survey of 104,777 monomeric complexes highlights the
widely acknowledged redundancy in the protein-ligand context. Clustering and filtering processes
have led to the description of 39,629 specific binding modes of unique protein-ligand complexes,
a 2.64-fold reduction relative to the original dataset. While this type of study has been performed in
the past on a smaller dataset, 2911 complexes by Drwal et al. [21], it is the first time such analysis was
performed on a large scale. This research’s purpose can be used both from an analytical perspective,
e.g., machine learning dataset, and applicative prospect, i.e., efficiently improving a protein-ligand
complex query in a database. Such implementation will be integrated in future 3decision release.

Although the methodology offers great and innovative results compared to the approaches
currently used, further improvements can be explored. For instance, RMSD of residue side chain can
be computed to correlate with the observed molecular interaction. Ligand wRMSDf metric can be
revised by quantifying the plane rotation shifting using basic atom distance-based matching method.
Finally, a layered quantification of redundancy using protein classification such as species information
or PFAM classification would allow to group complexes with highly similar binding site such as kinase
for instance. We also would like to explore the possibility in future developments to look specifically at
allosteric compounds implicated in the investigation of catalytic, binding, or regulatory exosite [33].
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ACHP_LYMST Acetylcholine-binding protein (Lymnaea stagnalis)
ADP Adenosine-5’-Diphosphate
AMP Adenosine Monophosphate
ANP Phosphoaminophosphonic Acid-Adenylate Ester
ATP Adenosine-5’-Triphosphate
BACE1_HUMAN Beta-secretase 1 (Human)
BFR_ECOLI Bacterioferritin (Escherichia coli)
CAH2_HUMAN Carbonic anhydrase 2 (Human)
CCPR_YEAST Cytochrome c peroxidase, mitochondrial (Saccharomyces cerevisiae)
CDK2_HUMAN Cyclin-dependent kinase 2 (Human)
COA Coenzyme A
CPXA_PSEPU Camphor 5-monooxygenase (Pseudomonas putida)
CPXB_BACMB Bifunctional cytochrome P450/NADPH–P450 reductase (Bacillus megaterium)
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CYC Phycocyanobilin
CYC3_DESAC Cytochrome c3 (Desulfuromonas acetoxidans)
DGT 2’-Deoxyguanosine-5’-Triphosphate
ESR1_HUMAN Estrogen receptor (Human)
FAD Flavin-Adenine Dinucleotide
FMN Flavin Mononucleotide
GDP Guanosine-5’-Diphosphate
GNP Phosphoaminophosphonic Acid-Guanylate Ester
GTP Guanosine-5’-Triphosphate
HBA_HUMAN Hemoglobin subunit alpha (Human)
HBB_HUMAN Hemoglobin subunit beta (Human)
HEC Heme C
HEM Protoporphyrin IX Containing FE
INHA_MYCTU Enoyl-[acyl-carrier-protein] reductase [NADH] (Mycobacterium tuberculosis)
KAIC_SYNE7 Circadian clock protein kinase KaiC (Synechococcus elongatus)
NAD Nicotinamide-Adenine-Dinucleotide
NAI 1,4-Dihydronicotinamide Adenine Dinucleotide
NAP NADP Nicotinamide-Adenine-Dinucleotide Phosphate
NDP NADPH Dihydro-Nicotinamide-Adenine-Dinucleotide Phosphate
NIR_THIND Cytochrome c-552 (Thioalkalivibrio nitratireducens)
NOS1_RAT Nitric oxide synthase, brain (Rat)
NOS3_BOVIN Nitric oxide synthase, endothelial (Bos taurus (Bovine)
NQO2_HUMAN Ribosyldihydronicotinamide dehydrogenase [quinone] (Human)
O76290_TRYBB Pteridine reductase (Trypanosoma brucei brucei)
POL_HV1B1 Gag-Pol polyprotein (Human immunodeficiency virus type 1 group M subtype B)
PYRF_METH Orotidine 5’-phosphate decarboxylase (Methanothermobacter thermautotrophicus)
Q8WSF8_APLCA Soluble acetylcholine receptor (Aplysia californica)
Q9HY79_PSEAE Bacterioferritin (Pseudomonas aeruginosa)
SAH S-Adenosyl-L-Homocysteine
SAM S-Adenosylmethionine
SAMH1_HUMAN Deoxynucleoside triphosphate triphosphohydrolase SAMHD1 (Human)
THYX_THEMA Flavin-dependent thymidylate synthase (Thermotoga maritima)
TPP Thymidine 5′-triphosphate
UDP Uridine-5’-Diphosphate
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