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Editorial on the Research Topic 
Peptides Targeting Protein-Protein Interactions: Methods and Applications

INTRODUCTION
Proteins perform a myriad of crucial roles in biological systems that depend mainly on the interaction with one or more proteins. Many physiological and pathological conditions are regulated by recognition and association among proteins. Therefore, the development of molecules able to modulate these protein-protein interactions (PPIs) open the way towards novel drugs, diagnostics and molecular tools for chemical biology and therapeutic applications. Peptides represent a class of compounds well suited for protein recognition and, of course, to modulate protein-protein interactions. More, considering the pharmaceutical field peptides are the best candidate to fill the gap between small molecule drugs and protein therapeutics.
This Research Topic aims to provide an overview of the current state and recent advances of the field. To that end, it includes both review and original research contributions that highlight promising and compelling computational tools developed to design bioactive peptides/peptidomimetics as well as successful examples of peptides, which targeting a protein-protein recognition site, are able to modulate a biological response or bind to a specific protein.
COMPUTATIONAL APPROACHES TO DESIGN PROTEIN-TARGETING PEPTIDES
Peptides targeting PPIs have been found by serendipity, screening libraries or designed by structure-based computational methods. In particular, the in silico approaches are gained much popularity as the methodology is coming robust. In this Topic Hashemi et al. review the recent advances in the field of in silico approaches for the design of interfering peptides against PPIs, covering many aspects and stages of the peptide design process. The review by Pérez et al. summarizes well established computational tools used to study protein/peptide interactions and provide examples of their applications in conjunction with other techniques to a few cases in drug discovery and tissue engineering. Hassankalhori et al. describes novel frontiers in computational studies applying their Supervised Molecular Dynamics protocol to explore the molecular recognition and the binding mode of macrocyclic peptides to thrombin.
APPLICATIONS OF PROTEIN-TARGETING PEPTIDES
Modulation of PPIs constitutes a promising, but challenging, way to find novel therapeutic agents to fight numerous pathologies. The fact that PPIs exhibit large surface contact areas, but lack deep binding cavities, make them difficult to target for with small molecules. Because of their physical properties, peptides are, instead, more suitable to target PPIs. The contributions included in this Topic provide a view of the advances in finding peptide modulators. The review by Cabri et al. provides us quite a thorough overview of the peptides that are currently in different phases of clinical development. These peptides are directed to diverse pathologies, i.e. cancer and related diseases, inflammation and autoimmune disorders, genetic and hormonal diseases, diabetes, obesity, cardiovascular, and neurodegenerative diseases, as well as bacterial and viral infections. Pluda et al. reviews linear and cyclic peptide-based inhibitors of two metalloproteinases, whose dysregulation leads to several pathologies (cancer, inflammatory, neurodegenerative, and cardiovascular diseases). The strategies to find these peptides include traditional medicinal chemistry, rational design, and combinatorial peptide display technologies. The review by Yang et al. focuses on the interaction between APC and ASEF, two proteins involved in metastatic colorectal cancer, and their structure-based designed peptide inhibitors. Alexa et al. describe their experimental results on finding peptides inhibiting mitogen-activated protein kinases (MAPK), involved in the regulation of many cellular functions such as cell division, differentiation and apoptosis. A 15-mer peptide derived from the RHDF1 protein, which is able to bind MAPK, is taken as starting hit and modified to optimize cell-penetrating capacity and decrease its length without affecting its binding affinity. Orea-Ordóñez et al. proposes to disrupt ribosome assembly as a novel approach for cancer therapy. Based on the crystal structure of the complex between the Erb1 and Ytm1 ribosome assembly factors, a series of peptides potentially able to interfere with that interaction are designed and assayed in vitro. Singh et al. focus on the interaction between a voltage-gated Na+ channel (NAV1.6) and the fibroblast growth factor 14 (FGF14), which participates in the regulation of neuron excitability in clinically relevant regions of the central nervous system. They found that two 4-mer FGF14-derived peptides inhibit the formation of the FGF14/NAV1.6 complex.
FUTURE PERSPECTIVES
On the whole, the review and original research contributions gathered in this Research Topic provide an excellent view of the current state of the field of peptides targeting protein-protein interactions. Based on them, we can envisage a growing and successful future of the field. The modulation of PPIs with peptides has turned out a valuable approach for a number of different pathologies with many peptides already in clinical development, however the area is expected to broaden and improve applications in the near future as a huge number of PPIs are still unexplored or unknown. In this framework the availability of powerful and innovative methodologies, both experimental and computational, can support the progresses in the challenging effort of discovering novel peptide as PPI modulators endowed of optimal properties.
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In Colorectal cancer (CRC), adenomatous polyposis coli (APC) directly interacts with the Rho guanine nucleotide exchange factor 4 (Asef) and releases its GEF activity. Activated Asef promotes the aberrant migration and invasion of CRC cell through a CDC42-mediated pathway. Knockdown of either APC or Asef significantly decreases the migration of CRC cells. Therefore, disrupting the APC-Asef interaction is a promising strategy for the treatment of invasive CRC. With the growth of structural information, APC-Asef inhibitors have been designed, providing hope for CRC therapy. Here, we will review the APC-Asef interaction in cancer biology, the structural complex of APC-Asef, two generations of peptide inhibitors of APC-Asef, and small molecule inhibitors of APC-Asef, focusing on research articles over the past 30 years. We posit that these advances in the discovery of APC-Asef inhibitors establish the protein-protein interaction (PPI) as targetable and provide a framework for other PPI programs.

Keywords: APC-Asef inhibitors, structure based drug design, peptide inhibitors, small molecule inhibitors, colorectal cancer therapy


INTRODUCTION

Colorectal cancer (CRC), which results from the complex factors of genes and the environment, is the world’s fourth most deadly cancer. The incidence of CRC is increasing with the rapid economic growth and global aging population (Steffen, 1986; Lise et al., 1987; Kemeny, 1992; Weekes et al., 2009). In the early stage of CRC, the 5-year survival rate is up to 90 percent after surgical excision. In contrast, those with the advanced stages usually need to treat with combination therapy of chemotherapy and surgery, and the 5-year survival rate presents a decline to varying degrees. Despite the dramatic improvement in CRC treatment, metastatic CRC is still an unmet challenge (Gallina et al., 2006; Aliev and Aliev, 2007; Haggar and Boushey, 2009; Zheng et al., 2014; Liu et al., 2015; Jideh and Bourke, 2018). Therefore, there is an urgent need for innovative and effective drug candidates, especially for metastatic CRC patients.

The Adenomatous polyposis coli (APC) protein plays a pivotal role in sporadic and familial CRCs. APC was first characterized as a mutated gene in CRC by Groden et al. (1991; Figure 1). The following work explained how APC exerted its effect as a tumor suppressor in the traditional Wnt signaling pathway. APC could form APC/Axin/GSK3-β destruction complex and downregulate β-catenin. Mutated APC resulted in the aberrant stabilization and accumulation of β-catenin, which could activate the transcription of the TCF/LEF family transcription factors associated with proliferation (Korinek et al., 1997; Morin et al., 1997; He et al., 1998; Tetsu and McCormick, 1999). APC contains multiple domains and interacts with other proteins, suggesting APC act in non-traditional roles outside the Wnt pathway in CRC. Kawasaki et al. identified Rho guanine nucleotide exchange factor 4 (Asef) released its auto-inhibited activity by interacting with the armadillo repeat domain (ARM) of APC, thereby stimulating Asef-mediated MDCK cell flattening, lamellipodia formation, and cell spreading (Kawasaki et al., 2000). In addition, the expression of truncated APC could activate Asef in CRC, inducing inappropriate cell migration and invasion (Kawasaki et al., 2003). In 2007, the crystal structure of Asef was solved and demonstrated its auto-inhibitory mechanism caused by the intramolecular interaction between the SH3 domain and DH domain (Murayama et al., 2007). Zhang et al. (2012) reported the APC-Asef complex’s structures and elucidated the molecular mechanism of Asef recognition by APC, which provided APC-Asef interaction as a potential target for CRC therapy (Zhang et al., 2012). Since the characterization of the APC-Asef co-complex, remarkable progress has been made in the development of APC-Asef inhibitors. Based on these structures, MAIT-203, the first-in-class inhibitor of APC-Asef interaction, was generated, which could efficiently reduce the migration and invasion of CRC cells by blocking APC-Asef interaction (Jiang et al., 2017). After multiple optimizations, MAI-400, the best-in-class inhibitor of APC-Asef interaction, was discovered with an IC50 of 250 nM (Yang et al., 2018). This article reviews these processes and breakthroughs on APC-Asef interaction as a valuable target for CRC therapy. We hope that it will conduct a longitudinal analysis of critical issues, limitations, and opportunities to develop new CRC candidates and make significant contributions to medical research.
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FIGURE 1. Significant milestones in the history of APC-Asef Interaction.




APC-ASEF INTERACTION PROMOTES COLORECTAL CANCER CELL MIGRATION AND CANCER PROGRESSION

APC is a multifunctional protein, which plays crucial and diverse functions in cellular processes, including Wnt/β-catenin signaling (Ha et al., 2004; Xing et al., 2004; MacDonald et al., 2009; Wang et al., 2014) and non-traditional Wnt pathway (Hamada and Bienz, 2002; Bienz and Hamada, 2004; Akiyama and Kawasaki, 2006; Etienne-Manneville, 2009; Figure 2). The human APC protein mainly contains an oligomerization domain (OD), an ARM domain, a β-catenin binding region, a basic domain, and an end-binding protein 1 (EB1)/ discs large (DLG) binding domain (Figure 2A). APC can interact with various proteins, including β-catenin, Asef, IQGAP1, Sam68, KAP-3, Kinesin-2, and Amer1. APC binds to β-catenin and recruits it to a destruction complex that contains axin, glycogen synthase kinase 3β (GSK3β), and casein kinase 1α. The destruction complex promotes the phosphorylation of β-catenin and induces its proteasome-mediated degradation, thus suppressing the canonical Wnt signaling pathway (Figure 2A; Li et al., 1998; Sieber et al., 2000; Zhang et al., 2011). Other PPIs are investigated to elucidate the function of APC in non-traditional pathways comprehensively. APC’s interaction with Asef stimulates the GEF activity of Asef and promotes Asef-mediated cell flatting, cell membrane ruffling, lamellipodia formation, and cell spreading (Kawasaki et al., 2000). APC also interacts with IQGAP1 at the leading edge of migrating cells to regulate cell polarization and migration (Watanabe et al., 2004). APC can bind to the tyrosine-rich domain of Sam68 and regulate alternative splicing of TCF-1 (Morishita et al., 2011). APC interacts with KAP-3 to form a complex with β-catenin and the kinesin superfamily proteins KIF3A-KIF3B, leading to increased cell migration (Mahajan et al., 2015). The interaction between APC and Kinesin-2 plays an essential role at dendrite branch points to resolve microtubule collisions (Weiner et al., 2016). APC interacts with Amer1 and regulates the APC-dependent maintenance of intercellular junctions and negatively regulates the Wnt/β-catenin signal transduction pathway (Grohmann et al., 2007; Tanneberger et al., 2011; Zhang et al., 2015). These PPIs explain the function of APC in tumor formation and migration.
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FIGURE 2. The function of Wile-type APC and truncated APC. (A) Wild-type full-length APC in normal colonic epithelial cells. In normal colonic epithelial cells, APC acts as a tumor suppressor in the traditional Wnt signaling pathway. APC could interact with β-catenin and form APC/Axin/GSK3-β destruction complex. The destruction complex promotes phosphorylation of β-catenin and induces its proteasome-mediated degradation, thus suppressing the canonical Wnt signaling pathway. (B) A representative truncated APC in CRC cells. In CRC cells, truncated APC interacts with Asef instead of β-catenin and stimulates the GEF activity of Asef. Activated Asef promotes cell migration and Golgi fragmentation through the downstream pathway.


APC mutations have been identified in most sporadic and family CRCs and are considered an early event for tumorigenesis. The presence of APC mutations in premalignant lesions detected by exome sequencing of human colorectal adenomas and the surrounding mucosa confirmed its role in the early growth of colon adenoma. APC mutant mouse models have proved that the alterations in the APC gene are essential for the initiation of intestinal tumor (Miyoshi et al., 1992; Sen-Gupta et al., 1993; Su et al., 1993; Iwama et al., 1999; Iwama, 2001; Nikolaev et al., 2012; Borras et al., 2016; Zhang and Shay, 2017). Most APC mutations are confined to their central region, referred to as the mutation cluster region (MCR). Alterations in the APC gene generate C-terminal truncated APC fragment and cause loss of the domains required for binding to β-catenin and microtubules. Therefore, truncated APC is disabled to degrade β-catenin, resulting in the accumulating of β-catenin, which constitutively activates the Wnt signaling pathway in CRC cells (Tominaga et al., 1998; Norris et al., 2000; Schneikert and Behrens, 2006; Schneikert et al., 2007, 2011). In addition, the truncated APC effectively interacts with Asef via its ARM domain (Figure 2B). Asef, one of the human Dbl-family of guanine nucleotide exchange factors (GEFs), consists of an APC-binding region (ABR), an Src homology 3 (SH3) region, a Dbl homology (DH) region, and a pleckstrin homology (PH) region. Asef is usually auto-inhibited by binding between its SH3 domain and DH-PH domains (Kawasaki et al., 2000; Gotthardt and Ahmadian, 2007; Mitin et al., 2007; Murayama et al., 2007; Muroya et al., 2007; Yoshihiro et al., 2008). Zhang et al. (2012) suggested that the intramolecular interaction strength between the DH and SH3 domain of Asef was less than that of Asef-APC. The isothermal titration calorimetry (ITC) assay revealed a tight binding between APC and Asef with a Kd value of 17.8 nM. Therefore, the interaction of the Asef-DH and Asef-SH3 was easily separated once APC binding with Asef.

Upon binding to the truncated APC, Asef releases its auto-inhibition and stimulates its GEF activity, thereby catalyzing the exchange of GDP for GTP in CDC42. The activated Asef and CDC42 upregulate the expression of matrix metalloproteinase 9 (MMP9) mainly through the c-Jun N-terminal kinase (JNK) pathway, thereby stimulating cell flattening, membrane ruffing, and lamellipodia formation and ultimately promoting cancer cell migration (Kawasaki et al., 2000, 2003, 2009a; Gotthardt and Ahmadian, 2007; Mitin et al., 2007; Murayama et al., 2007; Itoh et al., 2008).

It has also been shown that epidermal growth factor (EGF), hepatocyte growth factor (HGF), and basic fibroblast growth factor (bFGF) increase the amount of the APC-Asef complex and induce its accumulation and co-localization in membrane ruffles and lamellipodia, thereby promoting cell migration (Itoh et al., 2008; Kawasaki et al., 2009a,b). In addition, upstream PI3K may affect APC and Asef in the HGF signaling pathway (Kawasaki et al., 2009b). These increase the possibility that HGF and PI3K activate the migration activity of CRC cells by inducing the accumulation of APC-Asef complex in membrane ruffles and lamellipodia. Additionally, the miR-1-NOTCH3 signaling plays a critical role in CRC cell migration and cancer angiogenesis by up-regulating Asef expression (Furukawa et al., 2013).

Recently, Kim et al. found that truncated APC activated Asef and then induced Golgi fragmentation by stimulating the RhoA-ROCK-MLC2 pathway. Golgi fragmentation led to the loss of cell polarity and disordered direction of cell migration, which facilitated CRC initiation and progression. This phenomenon may be an early event in CRC development, which affects the regular directed cell migration, promoting cancer initiation and progression (Rodriguez-Cruz et al., 2018).

In conclusion, truncated APC is disabled to play its suppressor role but constitutively activates Asef, promoting the migration of CRC cells and the progression to invasive malignancy.



DISRUPTING APC-ASEF INTERACTION COULD BE A POTENT TARGET FOR CRC THERAPY

Recently, PPIs are becoming ponderable therapeutic targets for various diseases. APC-Asef interaction plays an essential role in the progression, invasion, and metastasis of CRC. Whether knocking down APC or Asef, it significantly decreased the migration of several types of CRC cells, such as HCT116 and SW480 (Kawasaki et al., 2003). Further study showed that the number and size of the intestinal adenomas in ApcMin/+ mice were significantly reduced (Kawasaki et al., 2009a). These results suggest that the APC-Asef interaction has an essential impact on intestinal adenoma formation and tumor progression. Therefore, the APC-Asef interaction might be a novel target for the treatment of CRC. APC-Asef inhibitors might provide therapeutic options for the treatment of metastatic CRC.



STRUCTURE CHARACTERIZATION OF APC-ASEF INTERACTION

Based on the critical influence of APC-Asef on the CRC migration, Zhang et al. (2015) attempted to solve the crystal structure of APC-Asef to provide a structural basis for drug development. The ARM domain of APC (residues 443-767), consisting of seven armadillo repeats, interacts with the ABR region of Asef. Another conserved region preceding the seven armadillo repeats was referred to as the PreARM region (residues 326-442). In addition, APC mutations usually result in a truncated APC fragment with intact PreARM and ARM in CRCs. The entire APC-PreARM-ARM region might form an ARM. Therefore, they determined the crystal structure of APC-PreARM-ARM (PDB: 3NMW), APC-PreARM-ARM/Asef-ABR-SH3 (PDB: 3NMX), and APC-PreARM-ARM/Asef-ABR (PDB: 3NMZ) (Zhang et al., 2012). Zhang et al. (2015) first detailed the APC-PreARM domain (residues 326-442), which consisted of four α helices (Arm-1-H3, Arm0-H1, Arm0-H2, and Arm0-H3) and a long helix insertion (H-Ins) (Figure 3A). The APC-PreARM domain packed widely with the ARM domain of APC, and together formed a single-folding unit (Figure 3B). The APC-PreARM-ARM/Asef-ABR-SH3 complex structure revealed that Asef-ABR bound to the concave surface of the APC-ARM, formed by the Arm1-H3, Arm2-H3, Arm3-H3, Arm4-H3, and Arm3-H1 (Figure 3C). However, the resolution is only 3.0 Å, so the APC-PreARM-ARM/Asef-ABR complex with a higher resolution (2.3 Å) was determined (Figure 3D) to obtain the precise binding information. The binding interface between APC and Asef is up to 1,300 Å. Many hydrogen bond networks and van der Waal contacts in APC-ARM/Asef-ABR complex interface stabilize the interaction of APC and Asef. The mutation analysis of APC and Asef demonstrated that APC-Asn507, APC-Asn550, Asef-Glu183, and Asef-Ala186 are critical in the interaction between APC and Asef. These works reveal the molecular mechanism by which APC recognizes Asef and provide a structural basis for the inhibitors design of APC-Asef interaction.
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FIGURE 3. The crystal structure of APC and Asef (A) Sequence of human APC (residues 326-736). APC-PreARM residues (326-442) are labeled orange, and APC-ARM (453-767) are labeled blue. APC-PreARM consists of five α helices: Arm-1-H3, Arm0-H1, Arm0-H2, Arm0-H3, and the long helix insertion (H-Ins). APC-ARM contains seven armadillo repeats Arm1 to Arm7. (B) APC (PreARM-ARM)/Asef (ABR-SH3) complex structure, the PreARM portion of APC is shown in green, and the ARM portions of APC are shown in gray. The ABR domain of Asef is shown in red, and the SH3 domain of Asef is shown in blue. (C) Detailed information of the interface of APC and Asef complex. Asef is shown in red. Arm1-H3, Arm2-H3, Arm3-H1, Arm3-H3, and Arm4-H3 are shown in green, yellow, orange, pink, and blue, respectively. (D) Left: The interactions of APC and Asef-ABR. The ABR domain of Asef is shown in champagne, and APC is shown in gray. Right: Close-up view of interactions between APC and Asef. APC is shown as a gray carton, and Asef is shown as a champagne stick. Red dashed lines represent hydrogen bonds. The red stars represent APC-Asn507 and APC-Asn550 are critical in the interaction of APC and Asef.




STRUCTURE-BASED DESIGN OF FIRST-IN-CLASS APC-ASEF INHIBITORS

Although the crystal structure of APC-Asef complex has been solved, the interaction area of APC-Asef is generally flat and large. It is still a challenge to develop inhibitors of APC-Asef interaction. To identify potent inhibitors of APC-Asef interaction, Jiang et al. (2017) first determined the hot spots of APC-Asef binding (Jiang et al., 2017). The structural analysis of the APC-Asef interaction revealed that the flexible segment of Asef-ABR (176SHPGGGGEQLAINELISDG194, referred to as ORIGIN) fit into the flat pocket of APC-ARM with 36 pairs of residue-residue interactions. Based on this ORIGIN sequence, Jiang et al. (2017) first designed a fluorescent probe (Ac-GGGGEQLAINELISDGK-FITC) and established a fluorescence polarization (FP) competitive assay. They synthesized various truncated peptides based on the ORIGIN, such as 179GGGGEQLAINELISDG193 (Ki = 17.1 ± 3.52 μM), 181GGEQLAINELISD192 (Ki = 49.1 ± 13.2 μM), 81GGEQLAI187 (Ki = 44.62 ± 0.99 μM), 183EQLAINEL190 (Ki > 300 μM), and 187INELISD192 (Ki > 300 μM). As a result, the peptide MAI-005 (181GGEQLAI187) with an acceptable activity (Ki = 44.62 ± 0.99 μM) and moderate size was considered as a hit peptide for further optimization (Figure 4A). They also replaced residues in each position of MAI-005 and synthesized these mutated peptides to establish a peptide library. High throughput screening of the peptide library by FP assay suggested that the favorable mutations at positions Gly181, Gln184, and Ile187 of MAI-005 could increase 4–14% binding affinities separately. Combining these favorable mutations, they developed three peptides MAI-102 (181GGEALAW187, Ki = 3.12 ± 0.70 μM), MAI-107 (181GGEALAD187, Ki = 3.80 ± 0.72 μM), and MAI-108 (181AGEALAD187, Ki = 2.41 ± 0.88 μM), with more than 12-fold increased affinity than MAI-005.
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FIGURE 4. (A) The interactions of APC and MAI-005. APC is shown as a cartoon representation (gray), and MAI-005 is shown as a stick representation (purple). Red dashed lines represent hydrogen bonds. (B) Crystal structure of APC and MAI-108 (5IZ8). APC is shown as a cartoon representation (gray), and MAI-108 is shown as a stick representation (orange). Red dashed lines represent hydrogen bonds. (C) Structure comparison of APC/MAI-005 (APC, cartoon, gray; MAI-005, stick, purple) and APC/MAI-108 (APC, cartoon, cyan; MAI-108, stick, orange). (D) Superimposition of APC/MAI-102 (5IZA), APC/MAI-107 (5IZ9), and APC/MAI-108 (5IZ8) (APC, surface, gray; MAI-102, stick, green; MAI-107, stick, light pink; MAI-108, stick, purple).


The crystal structures of APC/MAI-102, APC/MAI-107, and APC/MAI-108 revealed that MAI-108 induced conformational changes in the APC-ARM pocket at the position of Arg549, Lys586, and Gln542. All three compounds could induce the conformational changes of the side chain of APC Arg549 (Figures 4B–D), resulting in a doughnut shape of the APC-ARM pocket with the more druggable property. Compared with the flat interaction surface of APC-Asef, the doughnut shape pocket of APC provided a potential druggable target for the development of APC-Asef inhibitors. Moreover, the overlapped structures of MAI-102, MAI-107, and MAI-108 in the binding site provided new information for the next optimization. The residues 181–185 of MAI-102, MAI-107, and MAI-108 had similar binding confirmation, but the C terminus exhibited diverse conformation (Figure 4D). The optimization of C-terminal peptide residues might improve the binding affinity via adding additional interactions. Therefore, they established a next-generation library of peptides based on the scaffold of 181AGEAL185. The new peptides library involved various N-terminal groups, entirely stochastic diverse residues at position 186, and the confined acidic or polar residues at position 187. Finally, they found MAI-150 (181AGEALYE187, Ki = 0.12 ± 0.02 μM) was a better inhibitor of APC-Asef. The binding affinity of MAI-150 increased more than 20-fold in comparison to MAI-108 and 370-fold to MAI-005. The crystal structure and mutation analysis showed that the improved binding affinity might be caused by forming the additional interactions through residue Tyr186, Glu187, and the N-terminal benzyloxycarbonyl group of MAI-150 (Figures 5A,B).
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FIGURE 5. (A) Crystal structure of APC and MAI-150 (5IZ6). APC is shown as a surface representation (gray), and MAI-150 is shown as a stick representation (pink). (B) The interactions of APC and MAI-150 (APC, cartoon, gray; MAI-150, stick, pink). Yellow dashed lines represent hydrogen bonds. Red dashed lines represent new hydrogen bonds. (C) Crystal structure of APC and MAI-203 (5B6G). APC is shown as a surface representation (gray), and MAI-150 is shown as a stick representation (blue). (D) A structural comparison of APC/MAI-150 (APC, cartoon, pink; MAI-150, stick, pink) and APC/MAI-203 (APC, cartoon, cyan; MAI-203, stick, cyan). (E) Crystal structure of APC and MAI-150. APC is shown as a surface representation (gray), and MAI-150 is shown as a stick representation (pink). (F) Crystal structure of APC and MAI-400 (5Z8H). APC is shown as a surface representation (gray), and MAI-400 is shown as a stick representation (yellow). Red dashed lines represent hydrogen bonds.


Next, peptidomimetic inhibitors were designed to improve the binding affinity based on the APC/MAI-150 complex structure. The optimization of the N-terminal group and residues at positions 185 and 186 resulted in the peptidomimetic compound MAI-203 with cyclopentylalanine residue at position 185. The Ki value of MAI-203 to APC was as high as 0.015 ± 0.001 μM, equivalent to the dissociation constant of APC-Asef (Kd = 0.018 μM). The binding affinity of MAI-203 improved more than nine-fold compared to MAI-150 and 2,900-fold to MAI-005. The crystal structure of APC/MAI-203 was determined to explain the high binding affinity of MAI-203 to APC. MAI-203 induced the subsite formed by Arg463 and Phe510 of the APC larger to adapt to the cyclopentylalanine residue of MAI-203. This might facilitate tighter hydrophobic interactions and account for the improved binding affinity of MAI-203 (Figures 5C,D). The cell permeability of MAI-203 is low because of the large size and peptide properties. Jiang et al. (2017) connected the penetrating peptide TAT (trans-activating transcriptional activator) to the C-terminal of MAI-203 and MAI-150 and obtained the cell-permeable peptide MAIT-203 and MAIT-150.

To determine the effect of peptides in vivo, Jiang et al. (2017) performed co-immunoprecipitation experiments in HEK293T cells and SW480 cells. The results showed that MAI-203 and MAI-150 reduced the APC-Asef interaction in a dose-dependent manner. The cellular thermal shift assay in SW480 cells revealed that MAIT peptides could increase the thermal denaturation temperature (ΔTm = 6.92 ± 0.94°C), which indicated that the MAIT peptides directly interacted with APC in cells. Next, the function of MAIT peptides in CRC cells was investigated. RCTA, transwell and wound-healing assays were performed to evaluate the anti-migratory effect of MAIT peptides. The results showed that MAIT peptides at 10 μM caused significant repression of cell migration and invasion in SW480 and HCT116 cells. Cell vitality and proliferation experiments showed that MAIT peptides at concentrations up to 100 μM had no effect on the morphology or growth of SW480 and HCT116 cells. In the biology assays, MAIT-203 could effectively block the APC–Asef interaction, thereby inhibiting the migration and invasion of two types of CRC cells without affecting cell proliferation. In a fluorescence-based GEF assay with GTP-bound GTPases, MAIT-203 was used as a chemical probe to identify the downstream GTPase substrate of activated-Asef by APC-ARM. The results suggested that the GEF activity of CDC42 was stimulated by APC-Asef interaction and decreased by treatment of MAIT-203. Therefore, the downstream GTPase in the Asef activation pathway stimulated by APC was CDC42. Future research will focus on the mechanism of cell migration and invasion through the APC-Asef-CDC42 pathway.



OPTIMIZATION STRATEGY LEADING TO THE BEST-IN-CLASS INHIBITOR

To obtain highly effective new APC-Asef inhibitors, Yang et al. (2018) further optimized MAI-150 via a rational structure-based strategy. According to the complex structure of MAI-150/APC (PDB code 5IZ6), the hydrogen atom in the side chain of residue A184 and the oxygen atom in the backbone of residue L185 have a suitable angel (120.9°) and distance (3.5 Å) to form an intramolecular hydrogen bond (Figure 5E). Then, Yang et al. (2018) designed and synthesized a series of MAI-150 derivatives by replacing the A184 residue with polar amino acids, whose side chains provided hydrogen-bond donors. These efforts led to discovering MAI-400, a best-in-class APC-Asef inhibitor with a Kd of 0.012 μM and an IC50 of 0.25 ± 0.01 μM. The complex of APC/MAI-400 was determined, and the formation of intramolecular hydrogen bond was confirmed (Figure 5F). Surface Plasmon Resonance (SPR) and ITC assay revealed the binding affinity of MAI-400 to APC and explained the contribution of the intramolecular hydrogen bond. Co-immunoprecipitation (co-IP) assay showed that MAI-400 efficiently disrupted the APC-Asef interaction in a dose-dependent manner. Their successful strategy may be a useful approach for peptide optimization.



SMALL MOLECULE INHIBITORS OF APC-ASEF PROTEIN-PROTEIN INTERACTION

Zhu et al. reported numbers of 2-H pyrazole derivatives containing morpholine groups as inhibitors of APC-Asef (Yan et al., 2019) (Figure 6). Based on the structure of APC-PreARM-ARM/Asef-ABR (PDB: 3NMZ), they found 2-H pyrazole derivatives showed good estimated binding free energy from −56.45 to −35.46 kcal/mol by molecular docking. Among these compounds, compound 7g had the best-estimated binding free energy of −56.45 kcal/mol. The estimated binding mode of 7g-APC suggested 7g bound to the central position of the APC-Asef interact surface through six conventional hydrogen bonds, two carbon-hydrogen bonds, and six Pi bonds. These predicted interactions reflected the stability of APC-7g binding.
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FIGURE 6. The structure of compound 7g and Q19.


Next, 2-H pyrazole derivatives 7a–7y were synthesized through a 5-step route. The structure of 7g was identified by NMR, MS, elemental analysis, and single-crystal X-ray diffraction analysis. The efficacies of derivatives 7a–7y were evaluated by the FP competitive assay. The IC50 values of these compounds ranged from 0.18 to 22.68 μM, and the typical compound 7g showed the best IC50 values of 0.18 μM. ITC furtherly verified the binding affinity of 7g-APC and 7g-Asef. The results showed that 7g could interact to APC with a Kd value of 12.8 μM

Compound 7g exhibited anti-proliferative activity against six cancer cell lines, especially against HCT-116 cells. Compound 7g also induced HCT-116 cell apoptosis at a concentration of 2–4 μM. Further studies showed that 7g could increase ROS level and induce apoptosis of HCT-116 cells. Compound 7g could weaken the adhesion and invasion of HCT-116 cells at a concentration of 2 μM. Besides the in vitro bioactivity, the in vivo anti-tumor efficacy of 7g was also investigated. The mouse xenograft and orthotopic transplantation models were established to evaluate the in vivo anti-tumor efficacy of 7g. The average weight of the excised tumor and tumor volume in 7g treated mice significantly reduced compared to the vehicle group. The results showed 7g significantly suppressed tumor growth.

Through further optimization of 7g, compound Q19 was obtained as the following generation inhibitor of APC-Asef with the IC50 values of 1 μM (Qi et al., 2020). Compound Q19 could inhibit the proliferation of HCT-116 cells with the GC50 values of 1.37 μM. Besides, compound Q19 could induce the mitochondria depolarization and apoptosis of HCT-116 cells. However, Q19 was not as potent as 7g in FP assay and anti-proliferation assay.

Based on these results, it is hard to determine the direct target of compounds 7g and Q19. The only evidence to verify the direct binding of APC and 7g is the ITC assays. However, the original data of ITC results suggest that the molar ratio is not less than 1, indicating that the APC is not saturated by 7g. It is theoretically impossible to calculate the accurate Kd value due to its atypical curve and appropriate molar ratio. The current Kd value of 7g to APC is not convincing, and the binding affinity of 7g-APC still needs further confirmation. More convincing binding affinity assays and co-crystal structure need to be provided to assure the target of 7g. Besides, the interaction of APC-Asef with ROS-induced apoptosis and mitochondria depolarization needs to be clarified.

Another group was interested in developing APC-Asef inhibitors and tried to identify new small molecular inhibitors of APC-Asef through a combination of docking methods and molecular dynamics simulations (Jadav et al., 2020). They analyzed and validated the central binding region of APC bind to MAI-peptide, including Arg539, Lys516, Asn507, and Trp553 of APC. Then, structure-based virtual screening (SBVS) of ZINC13, NCI, and Maybridge public compound library were carried out. The top-scoring hits were explored by induced fit docking analysis and molecular dynamic simulations. Finally, the 16 ligand hits with amide groups were predicted to be APC-Asef inhibitors with the pretty similarity of known anti-cancer β-carbolines and pharmacological profile. However, bioassays are still required to prove the actual targets and activities of these molecules.



BIOASSAYS FOR EVALUATING THE BINDING AFFINITY AND EFFICACY OF APC-ASEF INHIBITORS


Binding Assays

Appropriate methods that can sensitively evaluate the binding affinity of screening candidates help identify and validate PPI inhibitors, including FP assay, ITC, SPR, Thermal shift assay (TSA), and cellular thermal shift assay (CETSA). In the initial screening process, an FP competitive assay was established to screen APC-Asef inhibitors. In this assay, the formation of the APC-inhibitor complex was deduced from a decrease in FP, and the IC50 and Ki values were determined. The FP assay is a convenient and effective competition binding assay for screening PPIs inhibitors. However, the applications of FP is limited to screening inhibitors that competitively bind to the receptors at a stoichiometry of 1:1 (Huang, 2003). As the gold standard technique for measuring direct binding affinity, ITC experiments are usually carried out in the following confirmation processes (Zeiss and Bauer-Brandl, 2006; Wiebke, 2015). ITC assays further confirmed the binding affinity of MAI-peptides to APC or Asef. The ITC results showed that the stoichiometry ratio of MAI-peptide and APC was 1:1, which was suitable for the FP assay. The Kd value measured by ITC is consistent with the IC50 and Ki value by FP. The enthalpy change and entropy change during the binding of peptides to APC provided useful information for hit-to-lead optimization. ITC is not suitable for high throughput screening. SPR is also used to determine the direct binding affinity and thermodynamic parameters of MAI-peptides to APC (Yan, 2015). The dissociation and association rate constants help to understand the structure-activity relationships (SAR) of MAI-peptides. TSA and CETSA are reliable methods to measure the interaction between MAI-peptides and APC by determining the melting temperature (Tm) of the protein complex (Zhang and Monsma, 2010; Rogez-Florent et al., 2014; Letourneau et al., 2019; Henderson et al., 2020; Rodriguez-Furlan and Hicks, 2021). The results of TSA and CETSA showed that MAI-peptides directly bind to APC in vitro.



Functional Assays

Co-immunoprecipitation (co-IP), Real-Time Cell Analysis (RCTA), wound-healing and Transwell assay were performed to determine the function of MAI-peptides in CRC cells. Co-IP experiments in HEK293T cells and SW480 cells demonstrated the inhibitory effect of MAIT-peptides on physiologically APC-Asef interaction. RCTA can detect electrical impedance through microelectronic biosensor technology and measure the migration and invasion of CRC cells. The RCTA results showed that MAIT-203 remarkably inhibited the migration and invasion of SW480 and HCT116 cells better than MAIT-150. The wound-healing assay was used to detect the influence of MAIT-peptides on the spreading tendency of SW480 and HCT116 cells. MAIT-203 significantly inhibited cell migration, especially at the leading edges. In addition, a Transwell assay was performed to confirm the anti-migration effect of MAIT-peptides. Consistent with the previous results, MAIT-203 reduced the migration of SW480 and HCT116 cells. To evaluate the anti-migration efficacy of MAIT-peptides in vivo, researchers need to establish a mouse model of CRC with liver metastasis. The following research may focus on the efficacy of APC-Asef inhibitors on CRC metastasis in vivo.



CHALLENGES IN TARGETING APC-ASEF PPI

Targeting the APC-Asef interaction using peptidomimetic inhibitors as a new therapy for CRC migration has achieved exciting results. MAIT-203 and its derivatives have been found to inhibit the migration and invasion of SW480 cells efficiently. However, undesirable physicochemical properties of peptides, such as poor oral bioavailability, low permeability, and instability, limit their further development.

The Asef binding site on APC is tremendous, and it is still a challenge to block this site with small molecules. Small molecule inhibitors possess several distinct advantages, such as higher membrane permeability, better selectivity, and higher affinity than peptides. With the current complex structures of peptide-APC, the discovery of small-molecule inhibitors of APC-Asef might be feasible. The hot spots in APC and the binding mode of peptides provide essential information for the design of small-molecule inhibitors. Peptides simplification also provides an available method for the design of small molecule inhibitors.

Besides, allosteric modulation could provide a new strategy to regulate PPI via conformational changes to avoid the flat and large interaction surface of PPI. Allosteric inhibitors targeting APC might be another way to discover small molecule inhibitors. Most allosteric PPI modulators were discovered fortuitously. However, the rapid progress in chemical and structural biology facilitates the rational design of allosteric PPI modulators. The first step is to identify the allosteric site of APC-Asef based on the APC-Asef co-complex structure. Multiple computational approaches are feasible to predict allosteric sites, such as statistical coupling analysis (SCA) (Lockless and Ranganathan, 1999), FRpred (Fischer et al., 2008), ConSeq (Berezin et al., 2004), ConCavity (Capra et al., 2009), and Allosite (Huang et al., 2013). These methods help us analyze and select potential allosteric sites of APC-Asef. Once the allosteric site is uncovered, virtual screening of allosteric modulators and standard-precision (SP) docking are performed. The commercial screening hits are chosen based on the comprehensive analysis of their binding modes and physiochemical properties. Finally, experimental screening and site validation could yield the possible hit compounds as the allosteric inhibitors of APC-Asef. These rational design strategies might inspire other research of allosteric PPI-based drug discovery.

Degradation of truncated APC by PROTACs technology might disturb the APC-Asef interaction and inhibit CRC migration, which provides a new method for CRC therapy.

Additionally, the APC-Asef interaction is regulated by HGF and phosphatidylinositol-3-kinase. Multiple-target therapy might be a more efficient method in cancer treatment. Therefore, the combination of APC-Asef interaction inhibitors and HGF inhibitors, as well as PI3K inhibitors, might be tolerable and effective for the treatment of CRC.

The APC-Asef interaction could be a promising target for CRC therapy. The development of APC-Asef interaction inhibitors is still in the early stages. The discovery of druggable APC-Asef inhibitors is needed for CRC therapy. Further studies will focus on the preclinical studies of APC-Asef inhibitors to provide new options for the treatment of CRC.



CONCLUSION

Protein-protein interactions are attractive drug targets in many diseases. Most of the disease-relevant PPIs are considered undruggable because of their flat, featureless and expansive interface. The structure-based design has been an important strategy for discovering PPI inhibitors. The discovery of APC-Asef inhibitors is an example of rational design utilizing PPI structural information. Firstly, the crystal structures of APC-Asef provided a molecular basis for rational inhibitor discovery. Hotspot identification helped to characterize the key binding site and served as the starting point for the optimization of APC-Asef inhibitors. Next, mutagenesis and structural studies of APC-lead peptide provided the SAR. Multiple optimizations based on the structure resulted in the desirable inhibitor with high binding affinity. Finally, the evaluation of the binding affinity and efficacy of APC-Asef inhibitors in vitro and in vivo not only demonstrated that APC-Asef PPI was a druggable target of metastatic CRC but also provided a potential lead inhibitor for CRC drug discovery. The successful discovery of APC-Asef inhibitors validated an effective paradigm in structure-based PPI inhibitors design. It provided proof-of-principle for other PPI programs and enabled the development of numerous drugs that target PPIs.
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Large contact surfaces of protein–protein interactions (PPIs) remain to be an ongoing issue in the discovery and design of small molecule modulators. Peptides are intrinsically capable of exploring larger surfaces, stable, and bioavailable, and therefore bear a high therapeutic value in the treatment of various diseases, including cancer, infectious diseases, and neurodegenerative diseases. Given these promising properties, a long way has been covered in the field of targeting PPIs via peptide design strategies. In silico tools have recently become an inevitable approach for the design and optimization of these interfering peptides. Various algorithms have been developed to scrutinize the PPI interfaces. Moreover, different databases and software tools have been created to predict the peptide structures and their interactions with target protein complexes. High-throughput screening of large peptide libraries against PPIs; “hotspot” identification; structure-based and off-structure approaches of peptide design; 3D peptide modeling; peptide optimization strategies like cyclization; and peptide binding energy evaluation are among the capabilities of in silico tools. In the present study, the most recent advances in the field of in silico approaches for the design of interfering peptides against PPIs will be reviewed. The future perspective of the field and its advantages and limitations will also be pinpointed.
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INTRODUCTION

The survival of a cell naturally depends on the connections between its proteins. In a single organism, countless cells are connected to form an interactome. The interactome is an enormous network system composed of a whole set of molecular interactions, particularly protein–protein interactions (PPIs). These interactions could be held together via electrostatic forces, hydrogen bonding, and hydrophobic effect. Approximately 130,000–600,000 PPIs are correlated with the human interactome and make up the PPI networks (Bruzzoni-Giovanelli et al., 2018). These PPIs modulate the systematic function of cells and signaling pathways of the body and are essential to understanding the medicinal chemistry and chemical biology of the cells. They catalyze the critical cellular processes such as replication, transcription, translation, and transmembrane signal transduction (Lu et al., 2020). Proteins and consequently PPIs are the functional building blocks of a living cell. The slightest error in PPIs, especially in a central node (or hub) in a network, could lead to even fatal disease (such as infectious diseases, cancer, and neurodegenerative diseases) and disturb the cell homeostasis. Therefore, focusing on aberrant PPIs holds the promise of curing various diseases and has the therapeutic potential of being attractive targets for developing new drugs and novel diagnostics.

Deliniation of the interaction between a protein domain and a peptide or another protein domain, is the central concept of PPIs (Nevola and Giralt, 2015). A linear sequence of residues, or a short protein domain, evokes the concept of peptides and peptide mimetics (Stone and Deber, 2017). Recently, various drugs have been presented that are relying on the relationship between two proteins. These drugs could mimic the 3D shape of targeted proteins and can specifically fine-tune their interactions. The peptides are capable of adapting secondary structures, which are usually α-helixes, which could also be completely disordered (Nevola and Giralt, 2015).

To provide the desired peptide or small molecule drug, clinical- and molecular-level information is needed (Bakail and Ochsenbein, 2016). Bioinformaticians widely apply high-throughput data obtained from the studies of genomics, RNAomics, proteomics, metabolomics, and glycomics. These collected data are rich sources of the molecular-level information of PPIs and could be useful for personalized treatments (Bakail and Ochsenbein, 2016). In silico methods have been widely used in various aspects of biological studies (Khalili et al., 2017; Mard-Soltani et al., 2018; Khodashenas et al., 2019; Rahbar et al., 2019). In silico methods could be used to screen for the specific topological surface of peptides capable of specific modulation of PPIs. There is a wide variety of software and algorithms for scrutinizing PPIs to design and optimize these interfering peptides.

Basic in silico research about the PPIs (from the 1990s to the 2000s) has significantly contributed to the production of a vast number of constrained peptides and peptide–drug conjugates. The first approvals of the peptide therapeutics were issued for six peptides in 2012. Pasireotide is a somatostatin analog for the treatment of Cushing’s disease. Lucinactant is a pulmonary surfactant for the treatment of infant respiratory distress syndrome. Peginesatide is an erythropoietin analog for the treatment of anemia associated with chronic kidney disease (CKD). Carfilzomib is an epoxomicin analog (proteasome inhibitor) that is used as an anticancer medication. Linaclotide is an oligo-peptide agonist of guanylate cyclase 2C used to treat irritable bowel syndrome with constipation and chronic constipation with no known causes. Teduglutide is a 33-membered polypeptide and glucagon-like peptide-2 (GLP-2) analog for the treatment of short bowel syndrome. A new field has opened up for scientists to treat different diseases with the help of various in silico algorithms, tools, and software designs by discovering therapeutic peptides and small molecules (Kaspar and Reichert, 2013). The results of in silico studies should be confirmed in vitro and in vivo to pass the phases of clinical trials. The PPI networks would be disturbed and therefore restrained the usage of these therapeutic PPI-targeting peptides (Kaspar and Reichert, 2013).

In silico methods of peptide analyses could include different approaches such as homology modeling, molecular dynamics, protein docking, and PPI targeting. Structural characterization of the peptides could be carried out by x-ray crystallography, NMR spectroscopy, and cryo-electron microscopy. The obtained structural data are stored and available in structural deposition databases like the Protein Data Bank (PDB). The advantages of computational in silico methods over empirical methods are their low cost, faster procedure speed, simple process, and reliability to target PPIs using peptides. This approach can lead to the atomic-level identification of PPIs (Murakami et al., 2017). The information about the PPIs is crucial for designing desired peptides or small molecules via virtual screening of drug candidates (Nevola and Giralt, 2015). Peptides are reported to have some advantages over small molecule drugs. Small molecules are not sufficient for the complete coverage of the large contact surfaces involved in PPIs. This surface area could practically be from 1,500 to 3,000 Å (Cunningham et al., 2017). Using small molecules, some target sites of the PPI surfaces such as pockets, grooves, or clefts could be missed. Advanced and sophisticated design and modeling of new remedial small molecules will be needed to circumvent this drawback. However, interfering peptides (IPs), natural or synthetic, are superior in this respect and would be reconciled with large or flat PPI surfaces (Bruzzoni-Giovanelli et al., 2018). The studies have shown that the ADME properties of IP therapeutic agents are better than those of small molecules. ADME is correlated with the absorption, distribution, metabolism, excretion, and toxicity of a drug molecule. IPs could be simply designed as valuable therapeutic tools to block various PPI networks. Peptides have been analyzed to block PPIs of the nervous system (Zhai et al., 2014; Shi et al., 2016), cardiovascular system (Pleasant-Jenkins et al., 2017), and even cancer (Jouaux et al., 2008; Mine et al., 2016; Ellert-Miklaszewska et al., 2017). IPs are also associated with low molecular weight, high flexibility, and minimal toxicity, which could offer a new class of biopharmaceuticals. These small peptides could also act as cargo carriers due to their cell penetration property. These cargoes could be linked via covalent or non-covalent bonds to some short peptides (5–30 amino acids). These peptides, which could have positive charges, are called cell-penetrating peptides (CPPs). CPPs facilitate cellular delivery and uptake of their cargo commonly through endocytosis (Guidotti et al., 2017). The prospect of IP drugs shows a robust pipeline and an unrivaled number of marketing opportunities for the treatment of a wide range of diseases.



DATABASES FOR PEPTIDE SEQUENCES AND STRUCTURES

Peptides, once neglected, have now offered tremendous therapeutic applications (Antosova et al., 2009) and have obtained quite an expansion in the pharmaceutical industry. Numerous databases have already been developed to store different kinds of peptides by collecting information from public databases and published scientific articles (Table 1). These repositories can be categorized into three classes, namely antimicrobial peptide (AMP) databases, targeted delivery-related databases, and disease-specific databases.


TABLE 1. List of peptide sequences and databases containing their structures.
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Antimicrobial peptides have garnered a lot of attention for several decades due to their biological activity and their ability to make the pathogens resistant to existing drugs. The AMP databases are the most available among the peptide databases. Some AMP databases are specialized to one type of AMP family, like the Defensins Knowledgebase (defensins) (Seebah et al., 2007), BAGEL4 (bacteriocins) (van Heel et al., 2018), BACTIBASE (bacteriocins) (Hammami et al., 2010), PhytAMP (plant AMPs) (Hammami et al., 2009), the Peptaibol Database (peptaibols) (Whitmore and Wallace, 2004), and InverPep (invertebrates AMPs) (Gómez et al., 2017). Meanwhile, others are general AMP databases, such as APD (Wang et al., 2016), CAMP (Waghu et al., 2016), and DBAASP (Pirtskhalava et al., 2016). APD (antimicrobial peptide database) (Wang and Wang, 2004) initially went online in 2003 with 525 AMPs. It has been extensively accepted and referred to since then. In 2009, an updated version of APD was released (Wang et al., 2009), called APD2, which contains about 1,228 entries and has been consistently updated and further expanded into the APD3 version (Wang et al., 2016). This database is currently focused on collecting natural AMPs with defined sequences and activities. It contains 2,619 AMPs with 261 bacteriocins from bacteria, and 7, 13, 4, and 321 from protists, fungi, archaea, and plants, respectively, with an additional 1,972 animal host defense peptides. Another resource for AMPs is CAMP (collection of antimicrobial peptides) (Thomas et al., 2010). It contains information on sequences of natural as well as synthetic AMPs. The inclusion of the structure of the AMPs and family information constituted the second version of the CAMP (Waghu et al., 2014) known as the CAMPR2. Moreover, CAMPR2 contains the newly identified AMPs sequences. CAMPR3 (Waghu et al., 2016) was introduced in 2016 to include AMP family specific signatures. CAMPR3 provides comprehensive information about the sequences, structures, family signatures, activity profile, sources, target organisms, and hemolytic activity for AMPs, and also links to several external databases. DBAASP (Database of Antimicrobial Activity and Structure of Peptides) was started in 2014 with a collection of published information about the AMPs and the corresponding resources (Gogoladze et al., 2014). In 2016, it was updated to DBAASP v2, with about 8,000 entries, including structural information (Pirtskhalava et al., 2016). It also contributed to the development of several databases such as dbAMP (Jhong et al., 2019), LAMP2 (Ye et al., 2020), PlantPepDB (Das et al., 2020), ADAPTABLE (Ramos-Martín et al., 2019), and starPepDB (Aguilera-Mendoza et al., 2019). Most recently, another updated version of DBAASP (DBAASP v3) (Pirtskhalava et al., 2021) has been released to include new content and additional user services. This database has continuously developed its predictive tools to be employed in the de novo design of peptide-based drugs. Its efficacy for the design of peptide-based antimicrobial agents against both gram-positive and gram-negative bacteria has been experimentally confirmed (Vishnepolsky et al., 2019a, b). The BaAMPs database was developed for AMPs with the property of disrupting microbial biofilms (Di Luca et al., 2015). MBPDB is a database of the bioactive peptides of milk origin (Nielsen et al., 2017). CPPsite and TumorHoPe are targeted delivery-related databases. CPPsite (Gautam et al., 2012) is the first database of CPPs that contains 843 entries along with the sequence information, subcellular localization, physicochemical properties, and uptake efficiency. The updated version of CPPsite (Agrawal et al., 2016), called CPPsite 2.0, contains 1,850 entries, including the model system, cargo information, chemical modifications, predicted tertiary structure, and other information. The TumorHoPe database (Kapoor et al., 2012) contains 744 peptides that can recognize tumor tissues and tumor-associated microenvironments.

Disease-specific databases encompass peptides that can be used to design therapeutic peptides capable of targeting specific diseases. PDB (Usmani et al., 2017) is a database of FDA-approved peptides and protein therapeutics, CancerPPD (Tyagi et al., 2015) is a database of anticancer peptides (ACPs) and proteins, and AntiTbPdb (Usmani et al., 2018) is a database of experimentally verified anti-mycobacterial and anti-tubercular peptides. The HIPdb database was established to provide information about 981 HIV-inhibiting peptides (Qureshi et al., 2013), including their sequences and half-maximal inhibitory concentrations (IC50). AVPdb contains 2,683 antiviral peptides and the data about their sequences, efficacy, modifications, and predicted structures (Qureshi et al., 2014). ParaPep (Mehta et al., 2014) is a database of experimentally validated anti-parasitic peptide sequences and their structures curated and compiled from literature, patents, and various other databases. This database was created by Mehta et al. (2014) and contains 863 entries that include 519 unique peptides whose anti-parasitic activities were evaluated against multiple species of Plasmodium, Leishmania, and Trypanosoma. In ParaPep, the structures of peptides consisting of natural, and modified, amino acids have been predicted using the PEPstr software. The Hemolytik database (Gautam et al., 2014) is an information system for experimentally determined hemolytic and non-hemolytic peptides obtained by manual extraction from numerous scientific papers and various databases. This database was created by Gautam et al. (2014) and contains 3,000 entries that include 2,000 unique peptides whose hemolytic activities were assessed on erythrocytes isolated from as many as 17 different sources. WALTZ-DB (Beerten et al., 2015) is the largest available database of experimentally characterized amyloid-forming short sequences. This open-access database was created by Beerten et al. (2015). It contains 1,089 entries that provide primary information about amyloid aggregation incorporated in related databases. Louros et al. (2020) released an updated and significantly expanded version of this database, called WALTZ-DB 2.0. With WALTZ-DB 2.0, the structural model and information were added to the entries. The 3D models of the amyloid fibril cores of the entries were generated using a computational methodology developed in the Switch lab. It also provides a user-friendly option for data filtering and browsing. BIOPEP (Minkiewicz et al., 2008; Iwaniak et al., 2016), currently BIOPEP-UWM (Minkiewicz et al., 2019), is a widely used resource for the identification of bioactive peptides and bioactivity prediction as well as for in silico approaches.

The structural information of bioactive peptides is essential for the development of peptide-based drugs. Two databases, namely StraPep and SATPdb, are structural databases that are dedicated to the collection of bioactive peptides with known structures. StraPep (Wang et al., 2018) is dedicated to collecting all of the bioactive peptides with known structures. It displays the structures for 3,791 peptides and provides detailed information for each one (i.e., post-translational modification, experimental structure, secondary structure, the location of disulfide bonds, etc.). SATPdb (Singh et al., 2016) is a database of structurally annotated therapeutic peptides. It has been curated from 22 public peptide databases and has 19,192 unique, experimentally validated therapeutic peptide sequences. Several databases have been designed for unique peptides as well. Quorumpeps (Wynendaele et al., 2012) is developed for quorum sensing peptides, ConoServer (Kaas et al., 2012) and ArachnoServer (Pineda et al., 2018) are focused on venom toxin peptides; NORINE (Flissi et al., 2020) contains information on non-ribosomal peptides; DADP (Novković et al., 2012) is a database of defense peptides; and the NeuroPep, Neuropedia, and Neuropeptides1 databases contain information on neuropeptides. Besides, databases covering proteins are also considered valuable resources for peptides; for example, UniProt (Universal Protein Resource)2, which is a central resource of protein data, and protein structure databases such as PDB3 (Abes et al., 2007), which contain the 3D structure of biomolecules.



IN SILICO TOOLS AND ALGORITHMS FOR PEPTIDE DESIGN

Peptides are the most amenable modulators that can be used to tackle the high surface area of PPIs. They can easily be synthesized, closely mimic the principal features of a protein, and be modified to attain higher stability, bioavailability, and binding strength. Sequence-based design and structure-based design are two major approaches for peptide design. Sequence-based peptide designing involves various physiochemical properties of the peptides and optimizing the peptide stability, toxicity, immunogenicity, and antibody specificity. In this regard, a plethora of in silico tools have been developed for sequence-based designing of novel peptides with therapeutic properties ranging from cell-penetrating to anti-microbial, anti-parasitic, anti-cancer, and anti-hypertension (Table 2).


TABLE 2. Sequence-based peptide design tools.
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Numerous methods, which are classified into general and specific methods, have been developed to predict AMPs. The APD3 (Wang et al., 2016) and CAMPR3 (Waghu et al., 2016) databases are among the general method predictors. They are designed to predict whether a given peptide is AMP or non-AMP. APD3 is developed for the classification, prediction, and design of AMPs using the parameter space defined by all available natural peptides in the database. The CAMPR3 implements four different machine-learning (ML) techniques to develop a peptide model. Deep-AmPEP30 (Yan et al., 2020) is a recently developed method that is used to predict bioactive sequences from genomes. This tool uses a short-length AMP prediction method based on the optimal feature set of PseKRAAC, reduced amino acid composition, and convolutional neural networks. The second group of methods is designed to predict AMPs, specifically on viruses, fungi, bacteria, or parasites. AVPpred (Thakur et al., 2012), AVCpred (Qureshi et al., 2017), and Meta-iAV (Schaduangrat et al., 2019b) are the more commonly used tools for the prediction of antiviral peptides. AVPpred (Thakur et al., 2012) is a web server used for the collection and detection of highly effective antiviral peptides (AVPs) using ML techniques such as support vector machine (SVM), features like the amino acid composition, and physicochemical properties. The AVCpred method is an SVM-based AVP prediction method. The experimental inhibitory percentage from ChEMBL (a large-scale bioactivity database for drug discovery) predicts the antiviral compounds against HIV, hepatitis C virus, hepatitis B virus, human herpesvirus, and 26 other viruses. Meta-iAVP is a sequence-based meta-predictor with an efficient feature representation (Schaduangrat et al., 2019b). It is designed for the accurate prediction of AVPs from peptide sequences. Antifp (Agrawal et al., 2018) is designed to predict antifungal peptides using features like amino acid composition, and similarly, Antibp2 (Lata et al., 2010) is another SVM-based method developed to predict antibacterial peptides. AtbPpred (Manavalan et al., 2019a) is a two-layer ML-based predictor for the identification of anti-Mycobacterium tuberculosis peptides. Moreover, ClassAMP (Joseph et al., 2012) and iAMPpred (Meher et al., 2017) are two methods used to predict the AMP class (e.g., antibacterial, antifungal, and antiviral). iAMPpred (Meher et al., 2017) predicts the probability of a peptide to be an antibacterial, antifungal, and antiviral agent by providing the probability score for all of the three classes.

The discovery of ACPs has provided an alternative approach to treating cancer. iACP (Chen et al., 2016), MLACP (Manavalan et al., 2017), ACPred (Schaduangrat et al., 2019a), and AntiCP 2.0 (Agrawal et al., 2020) are some famous in silico tools for the prediction and design of ACPs. The discovery of anti-angiogenic peptides is a promising therapeutic route for cancer treatment. TargetAntiAngio (Laengsri et al., 2019) was developed for the prediction and characterization of anti-angiogenic peptides using the random forest classifier in conjunction with various classes of peptide features and was demonstrated to be superior to other existing methods. mAHTPred (Manavalan et al., 2019b) was developed to predict anti-hypertension peptides using six different ML algorithms and showed superior performance compared to existing methods. HLP (half-life prediction) (Sharma et al., 2014) was developed for the prediction and design of peptides with desired half-life using SVM methods.

ToxinPred (Gupta et al., 2013) is one of the most applied SVM-based tools for predicting peptides toxicity. HLPpred-Fuse (Hasan et al., 2020) is the only tool that simultaneously identifies hemolytic peptides and their activities. It has fused six different ML classifiers in a robust hemolytic peptide prediction method. ProInflam (Gupta et al., 2016) was developed to predict the pro-inflammatory antigenicity of peptides using an ML-based prediction tool. CellPPD (Gautam et al., 2013) is an SVM-based method that has been widely used to predict CPPs. CPPpred (Holton et al., 2013) is another server used to predict CPPs based on artificial neural networks. In CPPred-RF (Wei et al., 2017), the random forest algorithm can simultaneously predict the CPPs and their uptake efficiency. PeptideRanker (Mooney et al., 2012) is also a webserver used to predict the probability of the peptides being bioactive and ranks the bioactive peptides.



IN SILICO TOOLS AND ALGORITHMS FOR PEPTIDE MODELING

Bioactive peptides are critical in industrial, medical, and biological applications, and they play pivotal roles in regulating various biological processes (Gesell et al., 1997; Liu et al., 2008). There are several conventional methods to identify the tertiary structure of peptide molecules, including CD, electron paramagnetic resonance (EPR), Fourier-transform infrared (FTIR), and NMR spectroscopies and x-ray crystallography. However, these empirical methods are labor-intensive, time-consuming, and expensive to perform. Moreover, the employed solvent may have a significant influence on the peptide structure in some instances. Given these circumstances, computational methods for predicting the 3D structures of the peptide have emerged to circumvent these limitations. These methods are expected to contribute significantly to the delineation of peptide sequence to function relationships and the promotion of efficient designs for new peptide molecules. Like the methods for predicting protein 3D structure, peptides could be modeled by employing the homology, threading, and ab initio approach. The peptide modeling tools use one or a combination of these methods to predict the 3D structures of the peptides. The homology and threading methods rely on suitable template structures. Previously resolved peptide structures stored in PDB have a crucial influence on the accuracy of homology-based peptide modeling (Sali, 1995; Sanchez and Šali, 1997). The threading method is performed using the existing folds of proteins as the modeling templates (Bowie et al., 1991; Jones et al., 1992). Unlike the homology and threading methods, the ab initio approach is not template-based and exploits the physicochemical features to predict low-energy folding of the peptides (Monge et al., 1994; Bradley et al., 2005). In this regard, the bioinformatic tools involved in peptide modeling are classified into template-based and template-free methods. Various tools and servers have been developed for the prediction of peptide structures. Among the various available tools, six highly referred servers (PEPstr, Protinfo, PEP-FOLD, PEP-FOLD3, Hmmstr/Rosetta, PepLook, and PepSite & FlexPepDock server) are introduced in the following sections.


PEPstr Server

This server can predict the 3D structures of the peptide with an average length of 7–25 and sometimes 27 amino acids. It uses valuable and vital information about the beta-turns in predicting the 3D structure of the peptide. This server acts through different steps to model the peptide 3D structure. Primarily, all residues of the peptide get an extended conformation (phi = Psi = 180°). The secondary structure information from regular secondary structures (helices, beta-strands, and coil) and the beta-turns method help to detect the 2D structure of the peptide. Then, the conformational shape is created by assigning the Psi (Ψ) and phi (Φ) angles of the main chain. The standard Dunbrack backbone-dependent Rotamer library is used to determine the side chain angles. Ultimately, the obtained peptide model is refined by molecular dynamics (MD) simulation and energy minimization. The modeled 3D structure of the peptide will be stored in PDB format. Of note is that MD simulation can be accomplished in vacuum, hydrophilic, and hydrophobic states. The web server of PEPstr4 was evaluated for the modeling of short peptides (Kaur et al., 2007). This server can model natural and non-natural amino acids, D amino acids, terminal modifications, peptide cyclization, post-translational and advanced modifications of residues, and structure simulations.



Protinfo Server

This server is highly suitable for the prediction of complicated protein structures. The function of this server is based on the interolog approach for the detection of experimental samples. Using the interolog approach is helpful for the identification of similar results found in the existing databases. Following this step, this server modeled input queries based on the determined homologous samples. One of the prominent features of the Protinfo server is that it can support a wide range of templates, from small amino acid subunits to a large number of them. The Protinfo PPC web server is available at http://protinfo.compbio.washington.edu/ppc/ (Hung et al., 2005).



PEP-FOLD Server

This is a high-performance server for de novo prediction of peptide structures from amino acid sequences. It utilizes a hidden Markov model (HMM) to make the predictions. It functions through the identification of primary structural alphabet (SA) letters in each sequence. The SA letters extracted by the HMM are necessary to describe the correct conformations of four consecutive residues (Zemla, 2003). It couples the predicted series of SA letters to a greedy algorithm and a coarse-grained force field (Souza et al., 2020). PEP-FOLD can handle peptides with 9–25 amino acids (Maupetit et al., 2009, 2010). PEP-FOLD3 is an improved version of the PEP-FOLD server. It is also a de novo approach with a more advanced and faster peptide structure modeling system. It can accommodate a vast range of peptide sizes ranging from 5 to 50 amino acids (Lamiable et al., 2016). PEP-FOLD and PEP-FOLD3 are respectively accessible at https://bioserv.rpbs.univ-paris-diderot.fr/services/PEP-FOLD/ and https://bioserv.rpbs.univ-paris-diderot.fr/services/PEP-FOLD3/.



I-Sites/Hmmstr/Rosetta Server

This server can predict the secondary, local, super-secondary, and tertiary structures of the protein sequences. This server also uses a hidden Markov model (HMMSTR) for local and secondary structure prediction, based on the I-sites library. It has three parts: I-site, Hmmstr, and Rosetta. I-site-motifs is a library that contains an extensive collection of small motif sequences (3–19 motifs). The I-site library is connected with numerous structured databases and encompasses about one-third of database sequences (Bystroff et al., 2000). According to the literature, the combination of I-sites and Rosetta is advantageous. Rosetta ab initio 3D predictor is a Monte Carlo (MC) Fragment Insertion protein-folding program that can use the results of Critical Assessment of Fully Automated Structure Prediction (CAFASP2) during the process (Fischer et al., 2001). There are some steps in the execution process of this server. The first step is the creation of a profile sequence through multiple alignments of the input sequence using PSI-BLAST (Position-Specific Iterative Basic Local Alignment Search Tool). The second step is the prediction of I-site motifs with a determined profile sequence. The third step is the preparation of fragment movesets from predicted I-site motifs. The fourth step is the modeling of secondary and local structures via HMMstr or the analysis of fragment moveset by the Rosetta server (Bystroff and Shao, 2002). Moreover, the I-sites/Hmmstr/Rosetta web server5 is developed for 3D prediction.



PepLook Server

PepLook is another 3D peptide modeling web server that can model sequences with more than 30 residues. This server prepares many randomly produced peptide structures by altering the SA angles (Φ/Ψ). Modeling cyclic peptide conformation using distance restraint is one of the vital beneficial aspects of this server (Etchebest et al., 2005). Moreover, this server can model the 3D structure of post-translationally modified amino acids (carboxylated or hydroxylated), synthetic amino acids, and ribosomal peptides. PepLook can measure the energy factor of some features, including internal and external hydrophobicity, complete peptide structures (all atoms), and electrostatic and van der Waals interactions (Thomas et al., 2006). The PepLook server could be found at https://orbi.uliege.be/handle/2268/135016.



PepSite and FlexPepDock Server

Protein–peptide interactions are a vital part of many cellular signaling pathways. Getting a good grasp of these interactions would bring about a mechanistic understanding of how cell networks are regulated. The PepSite server can predict the binding of a given peptide onto a protein structure which unveils the details of the interaction of interest. PepSite 26 is a complete rewrite of the original PepSite, which can speed up the presentation of results to a fraction of a second. The surface position-specific scoring matrix (S-PSSMs) algorithm is used in this server to detect the binding sites for each peptide residue. Ultimately, a suitable peptide sequence can be generated against predicted biding sites considering certain distance limitations (Trabuco et al., 2012). FlexPepDock7 is a high-resolution peptide-protein docking (refinement) protocol for the modeling of peptide–protein complexes. It is implemented in the Rosetta framework, which can be combined with the result of PepSite to design atomic models for given peptides in the vicinity of binding sites (London et al., 2011; Raveh et al., 2011). The summary of the information on the mentioned servers is presented in Table 3.


TABLE 3. List of important in silico peptide modeling servers.
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IN SILICO TOOLS FOR THE PREDICTION OF PROTEIN–PROTEIN INTERFACES

Proteins are vital agents that carry out all biological activities in the cells. PPIs play a pivotal role in the execution of these functions. Hence, investigating the changes that occur in the space between two proteins can be highly beneficial in the elucidation of disease etiology and the adaptation of appropriate treatment strategies. Various experimental methods exist for detecting biological changes in the PPI interface, including NMR, x-ray crystallography, mass spectrometry, and alanine scanning mutagenesis. NMR and x-ray crystallography can identify the interfaces at the atomic level, while the other methods like alanine scanning act at the residue level. Although the information about some of the PPI interface networks is extracted from high-throughput experiments, these experimental methods have their constraints mainly because they are expensive and time-consuming (Chen and Liu, 2005; Shoemaker and Panchenko, 2007; Casals et al., 2012; Koboldt et al., 2013). In this study, we focus on some computational methods for predicting the properties of the PPIs that can be valuable in circumventing the limitation of traditional pipelines. There are various computational approaches for the analysis of PPI interfaces. The existing strategies could be divided into information-based approaches and docking-based approaches (Figure 1). Docking is an important method that can facilitate the reconstruction of binary residue connections between two protein sections.
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FIGURE 1. Summary of protein–protein interface analysis procedure.



Information-Based Approach

A wide variety of in silico methods has been developed for data-based approaches. This approach is instituted on the information that is extracted from the results of conventional experiments. Three main strategies have been established for data-based approaches to analyze the PPI interfaces, namely the similarity-based method, the ML method, and the evolutionary-based method.


Similarity-Based Method

This method, also known as the “template-based” method, is one of the most widespread searching approaches for annotating the genome function. Instead of using partial sequence and statistical features of the sequence, the method relies on the similarity of whole protein sequences. Several biological properties can be obtained by multiple sequence alignments that are practical for identifying PPIs. These properties include the conservation of amino acids, the similarity between interfacing proteins, and gene fusion. Different behaviors can be expected from the proteins using this method. For example, unstable proteins tend to utilize different interfacial binding patterns. Therefore, using homology search for the extraction of interface residues remains a controversial issue (Grishin and Phillips, 1994; Caffrey et al., 2004; Esmaielbeiki et al., 2016). A list of similarity-based prediction tools for PPI interfaces is represented in Table 4.


TABLE 4. Similarity-based prediction databases (information-based approach).
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ML Method

Although there are beneficial aspects for the similarity-based method of predicting PPIs, it suffers from restrictions such as lack of accessible interfaces for experimental homologs and low quality (de Vries and Bonvin, 2008). ML methods operate based on a comparative pattern between interfacial protein residues and non-interfacial residues. This method could compensate for the limitations of the similarity-based methods. This approach can be categorized within the sequence and structural-based methods and consensus identifiers (Xie et al., 2020). Moreover, the use of ML methods for the prediction of PPIs has represented improved performance in comparison to other conventional approaches, such as neural networks. Thus, ML methods could play a significant role in therapeutic peptide development (Yang, 2008).


Sequence- and structural-based method

The sequence-based interface identifiers operate according to the features of the protein sequences. Most of these tools rely on evolutionary information from multiple sequence alignments (MSA) projected on the protein surfaces (Jordan et al., 2012). Therefore, these methods are inadequate in detecting interfaces of proteins with sparse homolog sequences and evolutionary variable regions. Advancements in structural proteomics have justified the establishment of structure-based automated methods for the prediction of functional surfaces of proteins (Jordan et al., 2012). The performance of this method depends on two 3D mappings and the 3D identifier. The 3D mapping is pertinent to the detection of close structures, and the 3D identifier is related to specific features such as protein surface accessibility (Hoofnagle et al., 2003; Heinig and Frishman, 2004), B-Factor (Halabi et al., 2009), the formation of the protein surface, and the 2D structure (Heinig and Frishman, 2004; Hamer et al., 2010) (Table 5).


TABLE 5. Sequence- and structural-based databases (ML approach).
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Meta-servers

Meta-servers combine several interface prediction methods into a consensus predictor to attain more reliable and stable predictions compared to the results of each predictor on its own. This means that meta-servers can act creatively to use different databases as complementary units to improve their function (Kozlowski and Bujnicki, 2012). Three common meta-servers are presented in Table 6.


TABLE 6. Three main meta-servers for prediction of interfaces (ML approach).
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Evolutionary-Based Approach

The prediction of PPI interfaces using evolutionary data is one of the most well-known interface classifiers. This approach is deemed as a realistic approach for the identification of the biological features of PPI interfaces. The EPPIC (Evolutionary Protein–Protein Interface Classifier) server8 is a tool designed to predict the quaternary structure of proteins from their crystal structures. Primarily, it classifies the interfaces of the crystal structure to determine their biological relevance. All topologically valid assemblies are computed, and the individual interface scores are used to predict the most likely quaternary assembly (Duarte et al., 2012).




Docking-Based Approach

Docking is one of the most well-known computational methods that are highly advantageous for predicting interfaces of biological targets and molecules (Kitchen et al., 2004). This method is practical for atomic-level investigation of molecular interactions. There are several different docking methods, and the selection of each server depends on the complexity of the problem and structure sources. Some structures are extracted via NMR or x-ray crystallography, which are suitable for the available docking servers. However, the template-based approach is the best candidate for predicting complex structures (Porter et al., 2019). Testing the accuracy of computational docking algorithms in blind predictions is managed by the CAPRI (Critical Assessment of Predicted Interactions) project (Janin et al., 2003). Molecular docking can be accomplished by a vast range of tools that are already accessible. Many docking tools act on the principle of rigid-body interactions, which results in a suitable match between the surfaces of tertiary (3D) structures. However, working with them has many restrictions such as protein flexibility, which is not considered. Given the importance of molecular docking in the determination of interface residues, many efforts have been made to mend the existing limitations (Luiz Folador et al., 2015; Pinzi and Rastelli, 2019).




IN SILICO HOTSPOT PREDICTION TOOLS

It is well established that the energy distribution is not uniform in PPI interfaces, and a small number of residues have the largest share in binding free energy. Wells and Clackson, who studied the binding of the growth hormone to its receptor, discovered these residues and used the term hotspot for them (Wells, 1991; Clackson and Wells, 1995; Schreiber and Fersht, 1995; Stites, 1997; Bogan and Thorn, 1998; Clackson et al., 1998; Hu et al., 2000; Keskin et al., 2005; Kouadio et al., 2005). Subsequent studies showed that hotspots form a small number (about 9.5%) of residues of the interface area. Therefore, a more precise definition of hotspots has been proposed, which states that a hotspot is a residue whose mutation to alanine reduces at least 2 kcal/mol in binding free energy (ΔΔG = ΔG mutant type –ΔG wild type) (Bogan and Thorn, 1998; Thorn and Bogan, 2001; Moreira et al., 2007). Hotspot residues are mainly composed of tyrosine (12.3%), arginine (13.3%), and tryptophan (21%) amino acids (Lichtarge et al., 1996; Bogan and Thorn, 1998). Studies have shown that hotspots have conserved structures and predictable physicochemical properties (DeLano, 2002; Moreira et al., 2007; Kenneth Morrow and Zhang, 2012). Impaired PPIs can cause many diseases, such as neurological disorders and cancer. Moreover, the conserved structure of hotspots, as well as their great impact on the binding energy, has made them attractive medical targets for the design of inhibitor drugs. Thus, many unwanted PPIs can be avoided by the use of these inhibitors, and they could be more effective in treating various diseases (Livnah et al., 1996; Wrighton et al., 1996; Tilley et al., 1997; Li et al., 1998; DeLano et al., 2000; Sidhu et al., 2000; Arkin and Wells, 2004; Thanos et al., 2006; Moreira et al., 2007; Wells and McClendon, 2007; White et al., 2008; Blazer and Neubig, 2009). As mentioned, hotspots are predictable, and it is worth mentioning that one of the prediction methods is based on the experimental alanine scanning method. For example, when a large tryptophan residue (as one of the three main hotspot residues) mutates into alanine, this difference in size causes the formation of a cavity, resulting in instability of the complex due to binding energy reduction. Alanine scanning means that when a residue mutates into alanine, the amount of binding energy decreases; if this decreased energy is significant (10-fold or more), then that mutated residue is considered as a hotspot (Bogan and Thorn, 1998; DeLano, 2002). Mutation to alanine residue removes the side chain effect. The methyl side chain of the alanine residue is relatively neutral and also lacks the additional flexibility contribution (Cunningham and Wells, 1989; Wells, 1990; Skolnick et al., 2000). Although glycine mutagenesis removes the contribution of the side chain, it can cause flexibility in the protein backbone (Morrison and Weiss, 2001). Hence, glycine mutagenesis is not considered for hotspot detection. The Alanine Scanning Energetics Database (ASEdb) contains the results of alanine scanning experiments. The Binding Interface Database (BID) has verified experimental hotspots in the literature (Thorn and Bogan, 2001; Fischer et al., 2003). Despite their advantages, these databases also are associated with several drawbacks. The hotspots obtained from experimental studies can only be attributed to a limited number of complexes. Moreover, it is recommended to avoid these data to interpret specific residual interactions (DeLano, 2002). Experimental mutagenesis of proteins to find hotspots is not practical and useful on a large scale because individual mutated proteins must be purified and analyzed separately. It should also be noted that alanine scanning and other experimental hotspot analysis methods are highly time-consuming and costly. Given these circumstances, theoretical and computational prediction methods seem attractive for hotspot residue prediction (Kenneth Morrow and Zhang, 2012). FoldX9 is a hotspot prediction tool and server which uses the FOLDEF algorithm developed by Guerois et al. (2002). This server predicts the hotspots of PPIs by using an energy-based method. It finds the PPI energy changes with the computational alanine scanning technique (Schymkowitz et al., 2005; Kenneth Morrow and Zhang, 2012). The Robetta server10 developed by Baker and Kortemme includes various parameters such as implicit solvation and hydrogen bonding, packing interactions, solvation interactions, and Lennard-Jones interactions to calculate the interaction free energy. The method employed in this server is similar to that in FoldX (energy-based method), and the technique used is computational alanine scanning (Kim et al., 2004). Similar to FoldX, the parameters obtained from the Robetta server are based on changes in protein stability. This server mutates the side chains to alanine and then locally repacks the parts of the structure that fall in a 5-Å radius of the mutated residue. The rest of the protein structure remains unchanged. The changes in binding energies of PPIs result from these mutations and form the basis for hotspot predictions (Kortemme et al., 2004). The Robetta server can accurately predict 79% of hotspot residues with a 1.0 kcal/mol cutoff. However, it enables us to find the hotspots involved in hydrogen bonds with water molecules (Kenneth Morrow and Zhang, 2012). PP_Site is a structure-based tool with a simple algorithm technique based on three factors, namely van der Waals interactions, hydrophobic interactions, and H-Bond, developed by Gao et al. (2004) and Kenneth Morrow and Zhang (2012). FTMAP11 is an energy-based hotspot prediction tool and server. It uses a probe-based rigid-body docking with fast Fourier transform correlation. The users of FTMAP only need the PDB code or the PDB file of the protein for the prediction (Brenke et al., 2009; Kenneth Morrow and Zhang, 2012). PCRPi (Presaging Critical Residues in Protein interfaces) is a method that uses the Bayesian networks technique to unify evolutionary, structural, and energetic determinants into a common probabilistic framework. PCRPi was upgraded to PCRPi-W12 to function as a web server. The users can upload a complex or enter a PDB code and select the type of Bayesian network architecture (expert or naïve) (Assi et al., 2010; Mora et al., 2010). HotPoint13 is another hotspot prediction server that uses an empirical formula technique and simple architecture. Its prediction method is based on the contact potential of the interface residues and solvent accessibility developed by Tuncbag et al. (2009). The accuracy of this server is about 70%. The results are a table of interface residues in which the hotspots and their properties are highlighted (Tuncbag et al., 2009, 2010). Grosdidier and Fernández-Recio (2008) have developed an energy-based (Docking) tool with a normalized interface propensity technique. Higa and Tozzi (2009) have developed a tool based on structural and evolutionary methods with the SVM technique. Rajamani et al. (2004) has developed a tool based on sidechain ΔASA (accessible surface area) with the MD technique. HSPred14 is an energy-based tool with an SVM (Residue specific) technique (Lise et al., 2009, 2011). MINERVA is a tool based on molecular interaction, structure, and sequence methods with decision tree and SVM techniques (Cho et al., 2009). KFC215 is a server based on various structural features and ASA methods with the SVM technique (Zhu and Mitchell, 2011). Guharoy and Chakrabarti (2009) have developed a tool based on the interface location and H-bonding methods with the simple algorithm technique.



PEPTIDE–PROTEIN DOCKING TOOLS

Molecular docking is a highly applicable method in the design and discovery of small-molecule drugs. This method has also undergone drastic progress in the prediction of PPIs. The prediction of peptide–protein interactions is the subject of similar attempts to develop more amenable peptide therapeutics (Diller et al., 2015; Ciemny et al., 2018). However, docking methods generally struggle with the issue of modeling the considerably more flexible and larger peptide molecules (London et al., 2013). However, peptide therapeutics have recently garnered a lot of attention, which has led to rapid advancements in peptide-protein docking-related technologies. These efforts have resulted in advances in drug design and discovery (Fosgerau and Hoffmann, 2015; Bruzzoni-Giovanelli et al., 2018; Ciemny et al., 2018). There are three main approaches for peptide-protein docking: global docking, local docking, and template-based docking. Different methods have varying degrees of prediction accuracy, often dictated by the amount of interaction information given as input (Ciemny et al., 2018). Template-based docking methods build a model of the complex using known structures, and it can be beneficial if the template is close to the investigated complex (Kundrotas et al., 2012; Lee et al., 2015; Lensink et al., 2017; Marcu et al., 2017; Pallara et al., 2017). Local docking methods look for a peptide-binding pose that is close to a user-defined binding site. Thus, the docking accuracy relies on the input information. The more precise the defined binding site, the better the results (Ciemny et al., 2018). Global docking methods conduct a collaborative scan for the pose and peptide-binding site. The most basic procedure for this approach is considering the protein and peptide input conformations to be rigid and conducting a comprehensive rigid-body docking. Predicting the peptide conformation based on a sequence given by the user is a more complicated approach for this method. Typically, their pipeline includes three phases; primarily, the input peptide conformations should be created by various strategies [e.g., utilizing monomeric protein structure fragments (Yan et al., 2016; Porter et al., 2017), threading the sequence onto a predefined set of template conformations (de Vries et al., 2017), or peptide folding simulation in solution (Ben-Shimon and Niv, 2015)]; then, the docking of rigid bodies should be implemented; ultimately, scoring and, or refinement of the models should be performed (Ciemny et al., 2018). At least three significant challenges lie ahead in the path of efficient peptide-protein docking. The first challenge is the prediction of significant conformational changes in the protein and peptide molecules (flexibility problem) upon docking. The second challenge is selecting the structure with the highest accuracy from a large number of produced models (scoring problem). The third challenge is integrating computational predictions and experimental findings into the peptide-protein docking scheme (integrative modeling) (Ciemny et al., 2018). Table 7 includes features and descriptions of the main peptide-protein docking tools and servers that are currently available.


TABLE 7. Peptide-protein docking tools and servers.
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VIRTUAL SCREENING METHODS FOR PEPTIDE–PROTEIN INTERACTIONS

Virtual screening (VS) is a robust computational technique capable of searching huge libraries of small molecules and identifying the most suitable ones against a protein receptor. VS has emerged as a complementary technique of high-throughput screening (HTS). Nowadays, thanks to the advancements in VS, it has become an indispensable part of the drug discovery process, leading to enormous savings in cost and time. Recent studies have established that VS can help to develop inhibitors of PPIs.

Exploration of new macromolecular structures by NMR or x-ray crystallography methods, human genome sequencing, and rapid computational methods could improve VS searches. Although increasing the numbers of the unveiled structures of protein–ligand complexes has made VS more convenient, 3D structure prediction approaches could be employed where experimentally determined structures of proteins/peptides are not available (Slater and Kontoyianni, 2019).

There are several accessible public databases for known drugs, small molecules, and chemical compounds (natural or synthetic) which could be searched when implementing VS strategies: ChemDB16, ChemBank17, NCI Open Database18, ChEMBL19, PubChem20, ZINK21, ChemSpider22, and DrugBank23 (Lavecchia and Di Giovanni, 2013). There are also some commercial databases containing data derived from patents or literature, including ACD24 and WOMBAT25 (Lavecchia and Di Giovanni, 2013). There are two main categories of VS: ligand-based VS (LBVS) and structure-based VS (SBVS).


Ligand-Based VS

The LBVS approach relies on the extracted structural and bioactivity information from an enormous small-molecule library. Three-dimensional shape matching is one of the popular LBVS methods based on seeking molecules with a similar shape to that of the known active molecules. Utilizing pharmacophore models to find the intended ligand, quantitative structure–activity relationships (QSAR), and chemical similarity analysis (to look in a database of molecules against one or more active ligand structures) are additional LBVS methods.

Similarity analysis is one of the most common techniques of VS. In the similarity searching method, the closest molecules are identified for a known active reference structure. Nevertheless, this method is simply influenced by the users because the selection of accurate input molecules is a challenging issue. However, this is a fast VS method (Lavecchia and Di Giovanni, 2013; Wu et al., 2019).

Pharmacophore modeling is another method for LBVS. A pharmacophore is a set of crucial molecular properties involved in accurate molecular recognition and interactions of a ligand with a specific biological target. Since 3D models are necessary for docking, pharmacophores could serve as vital VS processes to explore novel ligands for receptors with unknown 3D structures. There are various pharmacophore-based VS case studies for peptides. For example, a study designing the pharmacophore model for secretin resulted in gaining novel angiotensin-converting enzyme (ACE) inhibitory peptides with the desired biological activity. Angiotensin-I-converting enzyme inhibitory peptides and Intestinal Peptide Transporter hPepT1 are some of the more successful examples of pharmacophore modeling in LBVS methods (Dong et al., 2011; Wang et al., 2011; Osmulski et al., 2020). However, pharmacophore modeling has some limitations, especially when working with peptides. Some of the snags present in peptide-based pharmacophore modeling are the lack of acceptable scoring metrics, lack of clear instructor pharmacophore query, improper binding affinity evaluation, and incorrect or inadequate conformational sampling. These limitations could lead to false-positive and false-negative results (Kaserer et al., 2015; Ciemny et al., 2018; Slater and Kontoyianni, 2019).

Quantitative structure–activity relationship is one of the most popular LBVS methods. This technique could involve the interplay between biological function, the potency of active molecules, and their structural/physicochemical features. QSAR-based methods need information such as the values of IC50 and the binding affinity (Kd). QSAR modeling is classified into 2D-QSAR and 3D-QSAR; 2D-based algorithms are faster but less precise in comparison with 3D-based algorithms. The solubility, flexibility, ligand and protein conformations, and structures are not considered in both of the methods (Kanakaveti et al., 2020).



Structure-Based VS

The SBVS methods require knowledge of the 3D structures of proteins and not the biological function of known molecules. SBVS involves docking the candidate molecules with the protein target, followed by ranking the predicted binding affinity by scoring functions to detect potential lead candidates. In this approach, the 3D structure of the protein of interest should be available through x-ray crystallography, NMR, or homology modeling. Subsequently, docking could engage the small molecules as ligands of the receptor via computational algorithms; then, the top-ranked compounds could be selected for further experimental studies. Scoring of the ligands through different scoring functions (empirical, knowledge-based, and force field-based) is a critical step in SBVS. The flexibility of the target structure is another complicated aspect of SBVS, which could noticeably compromise the accuracy of the approach. In recent years, docking algorithms are seriously confronting this challenge by improving soft docking. MD simulation, which considers ligand flexibility and entropic effects, could also be combined with SBVS or LBVS to increase the information accuracy of the binding pose of candidate molecules and subsequently improve the drug development (Yan et al., 2019; Wang and Sun, 2020).



Combining Ligand-Based and Structure-Based Approaches

The drawbacks and limitations of traditional VS methods could be alleviated by combining LBVS and SBVS. This unified approach applies both structural similarity and ligand-based data. A researcher could select one of the LBVS, SBVS, or integrated approaches depending on the case study. One of the successful reports in recent years is the designing of the polo-box domain of polo-like kinase 1 (PLK1-PBD) inhibitor through a combined strategy of SBVS pharmacophore modeling and molecular-docking screening techniques (Ramezani et al., 2019; Yan et al., 2019). The study resulted in the discovery of a peptide as a potent candidate for further experimental investigation. Notwithstanding the successful results gained by the combined approach, critical improvements in the combination strategies are still needed. One of the fundamental limitations is the complicated procedure of the platform handling, so improving the performance of this process would bring new advancements soon (Wang and Sun, 2020).




OPTIMIZING INTERFERING EFFECTS OF PEPTIDES

The interfering effects of peptides could not be accessed accurately by biophysical techniques such as x-ray crystallography, NMR spectroscopy, and fluorescence spectroscopy. They have unique features such as high selectivity and immunogenicity (Bruzzoni-Giovanelli et al., 2018). Despite their advantageous features, they could exhibit limited cellular penetrability, low in vivo stability, low solubility, and low binding strength. However, various methods have been considered to improve these limitations. The peptides could be optimized by chemical, biophysical, and in silico methods (Bruzzoni-Giovanelli et al., 2018). In silico methods of peptide optimization seem appealing due to their computational nature, which have the advantages of low cost, less time consumption, and avoiding the ethical issues of empirical analyses. There are some modifications that can be made to the in silico methods which can improve the efficacy of interfering peptides.

One way to optimize the performance of interfering peptides is the utilization of peptide design tools. Peptide design tools predict the spatial and energy constraints applied to them and suggest the best folding. Two main peptide-designing approaches include the stochastical and deterministic methods. In the deterministic approach, a complete space sequence is searched to reach the sequence fold with the lowest formation energy. In contrast, the stochastical method searches for the sequence space heuristically, which includes MC and genetic algorithms. The structure of the interfering peptide is fixed by optimizing the rotation angles of the lateral chains and energy minimization is performed by tools such as Rosetta Design. This software also improves the network of hydrogen bonds and van der Waals interactions (Roy et al., 2017). It should be noted that the scaffold can be changed during the modification of amino acids. Most methods such as GRAFTER, FITSIT, Proda Match, and Scaffold selecting suitable peptide patterns require geometric constraints such as the coordinates of the pattern-representing atoms. The AUTO match tool exhibits the flexibility of backbone patterns. When a correct peptide pattern is chosen, side-chain amino acids need to be modified to improve their correctness. Side chain changes can be evaluated by various factors, such as determining the binding affinity and structural stability. Tools such as ORBIT are used to reform the side chain that can bind to the target molecule (Roy et al., 2017). PPIs have a crucial role in signal transduction processes. A rapid computational approach has been developed to predict energetically critical amino acid residues in PPIs. The input consists of a 3D structure of the protein–protein complex. The output is a list of “hot-spot” or amino acids side chains that are predicted to become unstable when mutated to alanine (Kortemme et al., 2004). In silico alanine scanning could be used to improve the efficacy of the interfering peptides.

Poor cell membrane permeability of interfering peptides is a significant hurdle. Therefore, improvement of membrane permeability or development of strategies that facilitate active intracellular uptake will be critical for successful peptide-based targeting of intracellular PPIs. Increased uptake could be achieved by the identification of unnecessary hydrophobic amino acids. These amino acids can be replaced by charged or polar residues while maintaining their native bioactivity. Recently, in silico methods have been applied to speed up this process (Lee et al., 2019). CcSOL Omics is software that is used for the prediction of proteome solubility and the identification of solvent motifs according to the given amino acid sequence. PROSO-II is another SVM-based tool that predicts the solubility of a peptide based on physicochemical properties such as hydrophobicity, hydrophilicity, and features of secondary structure (Lee et al., 2019).

One of the main impediments ahead of clinical development of interfering peptides is their high sensitivity to proteases. Their half-life is highly reduced by proteolytic cleavage. The most common structural changes that increase protein stability are chemical changes. These optimizations include the acetylation of N-terminus and C-terminus ends of the peptide scaffold, the introduction of dextrorotary (D)-amino acids, and peptide scaffold cyclization (Sorolla et al., 2020). Engineering peptides by introducing D-amino acids instead of levorotatory (L) forms is an effective strategy to avoid proteolytic degradation by proteases. These D-amino acids could cause structural changes in the target peptides, which makes them unrecognizable by proteases. Recent studies have shown that interfering peptides containing D-amino acids have a longer half-life. Many therapeutic peptides containing unnatural amino acids have been approved by the FDA, such as degarelix for prostate cancer, semaglutide for type 2 diabetes, and carbetocin (an oxytocin analog containing methyl-tyrosine) for postpartum hemorrhage (Sorolla et al., 2020). Cyclization of peptides can increase their half-lives. This cyclization can be accomplished by different methods, such as the formation of a disulfide bond between cytosine, adding an amide bond between the C- and N-terminus (head to tail), and addition of amide bond between natural amino acid side chains (side chain cyclization). Click chemistry software is a widely used tool for designing cyclic peptides. PEP-Cyclizer is another software that is used to design head-to-tail cyclization. This software has other complementary features such as the ability to search for candidate sequences compatible with the cyclization of the peptide (a facility to assist medicinal chemists), the generation of 3D models of a cyclic peptide starting from the 3D structure of the un-cyclized peptide and the sequence of the cyclized peptide, and preliminary steps for the conformational stability analysis of other peptides, or peptide-receptor docking (Pierce et al., 2014).



PEPTIDE–PROTEIN BINDING ENERGY CALCULATION TOOLS

The value of determining the binding energy of protein–ligand interactions in docking studies is apparent in the field of drug design. Acquisition of sufficient knowledge at a molecular level leads to accurate simulation, a valuable tool for drug design purposes. Experimentally measuring an inhibition constant (Ki) of the enzyme or protein in the presence of both the inhibitor and the substrate can estimate the binding affinity. In theoretical calculations, evaluating the properties of the protein, ligand, and after that, the complex can estimate the free energy of the ligand. Theoretically calculated free energies of the binding are often compared with the free energy of the reaction by calculating the Kd. Molecular mechanic force fields, which play a vital role in the conformational flexibility studies, like AMBER, MMFF, CHARM, and OPLS, can calculate various interactions in non-bonded atoms (Vanommeslaeghe et al., 2014; Ciemny et al., 2018). There are several methods for calculating the binding energy, namely endpoint, pathway, and alchemical methods.


Endpoint Methods

Endpoint methods are fast; however, their accuracy is usually limited to rational ranking (with r2 starting from 0.4 to 0.9, with a median of ∼0.7). The main advantage of endpoint methods is the requirement of only the simulation of the bound and free states of the ligand compared with pathway methods, which demand the simulation of many intermediate states likewise. Molecular mechanics/generalized Born surface area (MM/GBSA) and molecular mechanics/Poisson–Boltzmann surface area (MM/PBSA) are two general similar endpoint methods employed in protein–ligand-free energy calculations (Wang et al., 2019). Changes in solvation free energy, molecular mechanical energy, and conformational entropy are utilized to calculate the free energy of binding (Hall et al., 2020).

Linear interaction energy (LIE) is another endpoint approach used to figure out binding affinities. LIE relies on the concept that the free energy of binding shows a linear dependency on the polar and non-polar variations in ligand-surrounding energies. The strategy involves calculating values for the protein–ligand binding free energy ΔG bind with conformational sampling. Efforts such as considering multiple binding poses and continuum electrostatics solvation have promoted the accuracy of the LIE method (Rifai et al., 2020).



Chemical Methods

Although physically non-realizable, there are feasible computational processes of moving a set of atoms in a system from one state to another. In such a situation, modeling by alchemical free energy calculations could be one of the helpful computational processes. In strategies based on alchemical modifications, shifting the ligand into non-interacting mock particles may offer the absolute free energies of binding. Further, calculating the difference of free energy between two ligands can test the relative free energies of binding (de Ruiter and Oostenbrink, 2011). Free energy perturbation (FEP), Bennet’s acceptance ratio (BAR), and thermodynamic integration (TI) are typical samples of alchemical methods, in which the statistical mechanics provide the demanded data. Performing more extended simulations may yield way more accurate energy calculations (Ciemny et al., 2018).

In addition to established methods, some prefer using combinations of existing approaches or try novel strategies. RETI is a successful combination of TI and replica exchange (RE). TI is known as a powerful method used to calculate free energy differences. However, when several confirmations are involved, getting accurate outcomes becomes problematic. RETI can somewhat solve the problem by enhancing sampling efficiency. Enhanced sampling-one-step perturbation (ES-OS) and linear interaction energy/one-step perturbation (LIE/OS) are among other combined approaches. The aim of using the LIE/OS method is to enhance the accuracy of energy calculation. LIE calculates the charging atoms in the interaction cavity, while OS is applied to explain the contributions from cavity formation (de Ruiter and Oostenbrink, 2011).



Path Sampling

Path sampling approaches can meet the computational aspect of a process using the separation of timescales in biomolecular systems. Thus, it is advantageous when used in process of non-clear separation timescales. Path sampling methods compute functional transition rather than stable states, by physically removing the ligand from the protein and calculating the mean force along this path. Similarly, path sampling can be used efficiently for the conformational sampling of stable states fragmented by low barriers. Transition path sampling (TPS) and MC simulations are two approaches using a complete path. TPS is helpful for chemical or physical transitions of a system from one stable state to another state (such as protein folding or chemical reactions) that infrequently occur to be observed on a computer timescale (Chong et al., 2017).

There are some vital factors to be considered in using these methods, which might remarkably affect the accuracy and computational time of calculation. Deciding on the solvent, the simulation length, and ligand orientations, following the selection of relative or absolute free binding energies, is a critical step in the calculation process (de Beer, 2012).



Common Issues

Improving the accuracy and the speed of calculations simultaneously is the main aim of the methods described above; however, it seems challenging. As an example, factoring in solvent interactions will enhance the accuracy but also will increase the required computational time. Including explicit water molecules in the binding sites will increase the accuracy for specific systems. In explicit water simulations, grand canonical MC simulations (GCMC) can determine the fluctuation of the number of water molecules in the binding site. Paying attention to polarizability, accurate force field, and charge transfer is crucial in exact free energy calculations; their effects can be considered using quantum mechanics. Quantum mechanics can efficiently calculate electrostatic interaction energies. However, it would not be affordable in the study of massive molecules. Semi-empirical quantum methods are essential in computational chemistry for treating large molecules and studying electrostatic interactions in peptide-protein interactions. Semi-empirical approaches are generally based on the Hartree–Fock formalism with some more approximations and empirical data usage (de Beer, 2012; Rifai et al., 2020).

As mentioned above, a combination of the present methods has been recently developed to overcome the sampling problems and other shortcomings of the methods on their own, while strengthening their advantages. It is assumed that these combined methods would result in more accurate energy binding calculations, consequently having more reliable outcomes for application in drug design developments.




DISCUSSION

In silico methods are implanted into every corner of the biological analyses. The study of IPs capable of modulating the PPIs is no exception and neither are the extended in silico tools established to develop, analyze, and optimize the IPs. These methods are anticipated to grow and become more accurate by reiterating the cycles of prediction and empirical assessment of these predictions. More precise algorithms would be developed, including the parameters of new players discovered by empirical studies. The novel and more accurate in silico tools would design and optimize an almost unlimited number of IPs with a high affinity against extracellular or intracellular (CPPs) PPIs. These tools would also help develop pharmacokinetically stable, safe, and effective IPs to modulate the PPIs within the cellular membranes. Moreover, these tools would be employed to predict, exert, and analyze specific chemical modifications to improve the ADME properties of the IPs. They also would be harnessed to design multifunctional IPs and even remotely controlled PPI inhibitors. Moreover, available natural peptides, evolutionarily selected for high stability and specificity, would be employed by in silico tools for rational structure-based design of IPs harboring similar properties. The ever-growing need for more effective therapeutics would be the driving force for further growth of the in silico methods in IP development. Given the apparent advantages of the peptides over small molecule drugs, higher investment of the pharmaceutical industry into the development of IPs does not seem farfetched. In silico tools will play a pivotal role in the transition from small molecule-based modulators of PPIs to peptide-based modulators.

Modulation of PPIs using the IPs is one of the hot research topics of various scientific fields such as biochemistry, chemical biology, and pharmacology. Recent progress in developing in silico methods for the evaluation and identification of these IPs has hugely extended the field. Although some issues about the pharmacodynamics and pharmacokinetics of peptides remain to be addressed, many companies have already devoted themselves to peptide discovery, which resulted in numerous peptide drugs and homologous compounds on the market. In silico methods could offer a comprehensive and exciting portfolio of applications in IPs targeting the PPIs. The interest in these methods is reflected in the increasing number of algorithms, software, and related publications. These methods have a lot to offer toward resolving challenges like low membrane permeability, the tendency for aggregation, short half-life, fast elimination (if not stabilized), proteolytic degradation, specific targeting, toxicity, immunogenicity, and optimization of IPs. Each issue could be dealt with by using a combination of in silico tools developed based on the experimental results. Most of the peptide-related challenges require atomic-level structural information. The structural information about the peptides could be found in structural databases. The in silico methods could predict the structure of peptides lacking the previously resolved 3D structures. Given the 3D structure of an IP, its properties could be analyzed and optimized to circumvent functional limitations. These structures could also be employed to screen peptide libraries and find new targeting peptides. The efficacy of in silico tools highly depends on the accuracy of their algorithms. These algorithms are continuously revised considering the evidence obtained from experimental studies. Given their high potential to unravel the questions about IP design and optimization, in silico tools would become an inevitable part of the development of IPs that modulate the PPIs.
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Protein-protein interactions (PPIs) mediate a large number of important regulatory pathways. Their modulation represents an important strategy for discovering novel therapeutic agents. However, the features of PPI binding surfaces make the use of structure-based drug discovery methods very challenging. Among the diverse approaches used in the literature to tackle the problem, linear peptides have demonstrated to be a suitable methodology to discover PPI disruptors. Unfortunately, the poor pharmacokinetic properties of linear peptides prevent their direct use as drugs. However, they can be used as models to design enzyme resistant analogs including, cyclic peptides, peptide surrogates or peptidomimetics. Small molecules have a narrower set of targets they can bind to, but the screening technology based on virtual docking is robust and well tested, adding to the computational tools used to disrupt PPI. We review computational approaches used to understand and modulate PPI and highlight applications in a few case studies involved in physiological processes such as cell growth, apoptosis and intercellular communication.
Keywords: protein-protein interactions, linear peptide motifs, computational methods, epitopes, tissue engineering, p53, Bcl-2
INTRODUCTION
Most proteins mediate complicated metabolic and signaling pathways through interaction with other proteins, either in the form of dimers or as components of larger complexes (Hunter, 2000; Stelzl et al., 2005). Some of these interactions are transient, while others are more permanent. It is estimated that there are approximately 650,000 types of specific protein-protein interactions (PPI) in a human cell (Stumpf et al., 2008) and as much as 40% of these are mediated by short peptide linear binding motifs (London et al., 2013). Actually, protein domains involved in PPIs often bind multiple peptides that share linear motifs—common sequence patterns—like for example, the canonical SH3 domain-binding PxxP motif (Mayer, 2001). These motifs are often embedded within locally unstructured protein regions but can also bind their partners as short, isolated peptides acting as PPIs inhibitors.
Mapping PPIs is key to understand a wide range of physiological processes such as cell growth, apoptosis and intercellular communication. In turn, anomalies in protein interaction networks including the concentration of a specific protein in the cell are associated with diseases such as cancer, infectious diseases, and neurodegenerative diseases (Gonzalez and Kann, 2012). Accordingly, a detailed understanding of the human interactome--the complex network of PPIs—(Luck et al., 2020) offers novel opportunities for therapeutical intervention (Milroy et al., 2014).
Designing different kinds of PPIs modulators, including inhibitors that arrest signaling by disrupting a specific PPI or enhancers that restore signaling through facilitation of a specific PPI is now a major goal in controlling cell processes and pathways. In addition, allosteric binders can provide a different type of PPI modulation, acting through the selective perturbation of a protein interaction with specific partners and modulating a signaling pathway accordingly (Cesa et al., 2015). Indeed, this procedure opens the possibility of designing two different disruptors acting on the same target that produce different cellular responses due to the way they alter local PPI networks. Conceptually, designing PPI disruptors is simpler than designing enhancers, since the latter require finding a short linker that brings the two proteins in close contact to each other, whereas the former require finding molecules that bind to any site of any of the two proteins to prevent their association.
Designing modulators of PPIs is challenging compared to ligands targeting enzymes or GPCRs, due to the specific features of protein-protein interfaces including a large and flat interfacial area (∼1500–3000 Å2), lacking in grooves or binding pockets (Wells and McClendon, 2007). Moreover, the PPI binding free energy is characterized by a large buried hydrophobic surface area, suggesting a large entropic contribution—although electrostatic complementarity of interacting protein surfaces is also important in PPIs. Consequently, the binding free energy is not correlated to the PPI surface area buried. For example, the complex of the tumor suppressor p53 protein to its negative regulator MDM2 described below is an example of a small contact surface area and high affinity (Borcherds et al., 2014), while the complex of the Bcl2-associated athanogene (Bag) and an eukaryotic chaperone 70-kDa heat shock protein (Hsp70) exhibits a high surface area, but a small binding free energy (Sondermann et al., 2001). Interestingly, PPI surfaces exhibit a reduced number of key contributors or “hot spots” to the binding free energy (<2 kcal/mol) that are usually found at the center of the interface. Tryptophan, arginine and tyrosine are the most frequent residues identified as “hot spots”, whereas other residues such as valine, lysine or serine rarely participate (Hu et al., 2000). The occurrence of key residues in PPIs was demonstrated for the first time in the seminal study of the complex of the human growth hormone (hGH) and the extracellular domain of its receptor (gGHbd) (Clackson and Wells, 1995). In order to understand the contribution of each residue to the PPI, the authors produced all the possible gGHbd mutants generated by substitution of each individual residue involved in the PPI surface area by alanine. The process permitted to show that 8 out of 31 side chains involved in the PPI surface area contributed about 85% to the binding free energy of the complex. Alanine scanning technique is currently carried out in vivo using phage display technology in a combinatorial fashion (Morrison and Weiss, 2001) and computational strategies to perform alanine scanning have also been developed (Kortemme et al., 2004).
Diverse kinds of molecules from small molecules to antibodies have been used in the past as PPI disruptors (Gordo and Giralt, 2009). Among them, peptides have emerged as privileged molecules (Nevola and Giralt, 2015; Bruzzoni-Giovanelli et al., 2018). Analysis of protein complexes show that a large number of structures involve short linear peptide binding motifs and a globular protein domain. Interestingly, these peptide segments are responsible for most of the binding free energy (Petsalaki and Russell, 2008). Peptides are flexible and can adapt themselves to large surfaces, can be easily optimized and are safe and well tolerated. However, peptides exhibit limitations as drugs including the means of administration, poor pharmacokinetic profile and bioavailability. Despite their drawbacks to be used as drugs, peptides can be modified to produce peptidomimetics and peptide surrogates including cyclic peptides with an improved ADME profile. Peptidomimetics refers to small molecules that mimic key stereochemical features of the bioactive conformation of a target peptide (Perez et al., 2002; Akram et al., 2014; Perez, 2018; Santini and Zacharias, 2020; Tomasella et al., 2021). Designing peptidomimetics requires knowledge of key residues involved in peptide-protein interactions and structural features of the bioactive conformation. When the 3D structure of the complex is available, the process is simpler, however most of the times the bioactive conformation needs to be assessed using a combination of biophysical and computational methods together with the synthesis and biological evaluation of the molecules designed. In this case the roadmap normally followed for designing peptidomimetics is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Roadmap for peptidomimetics design. Starting from the native peptide (1), first step regards establishing the shortest peptide fragment with activity, as well as identification of key residues involved in recognition (in red) (2). Next, using information about the secondary structure of the peptide in its bound conformation, proceed to design conformationally constrained analogs mimicking the bioactive conformation (3). These analogs represent the first generation peptidomimetics. Finally, identification of small molecule scaffolds that permit a correct spatial arrangement of relevant chemical groups (identified in step 2) to yield second generation peptidomimetics (4).
Below we describe the use of computational methods in conjunction of other biophysical and medicinal chemistry techniques to help to understand the features of peptide ligands, necessary to design PPI disruptors peptidomimetics and peptide surrogates and describe a few examples in drug discovery and tissue engineering.
STRUCTURAL FEATURES OF PROTEIN-PEPTIDE INTERACTIONS
The increased awareness on the role of peptide epitopes for mediating PPI has evidenced the need for a deeper structural understanding. Complexes are underrepresented in the PDB with respect to their biological prevalence, and experimental techniques often require expensive approaches (e.g., isotope labeling in NMR) to characterize peptide-protein interactions. Computational tools are a promising approach to bridge the gap. The goal of computational methods is to predict where and how a peptide would bind a protein receptor, distinguish which peptide sequences might be better binders, and help in the design process. Improvements in computational tools continue to push our ability to gain structural insights applicable to design principles.
Curated peptide-protein databases such as pepBDB (Wen et al., 2019), peptiDB (London et al., 2010) or pepBind (Das et al., 2013) compile a list of known protein-peptide systems found in the Protein Data Bank (PDB) (Berman et al., 2000). These curated databases are useful for the training, classification and understanding of peptide-protein interactions. Analyzing these databases helps to classify the types of interaction according to peptide structure, binding interface or degree of challenge for computational methods amongst other metrics. For example, Arkin and co-workers classified three types of peptide-protein binding (Arkin et al., 2014) according to the primary, secondary or tertiary structure they adopt. The primary structure binding motif is represented by short linear peptides such as those present in interactions between the extracellular matrix and membrane bound integrins (Ruoslahti, 1996). Secondary structure motifs involve the peptide adopting a determined secondary structure (e.g., alpha helix or beta strand) such as in the p53-MDM2 interaction (Kussie et al., 1996) or the BH3-Bcl-2 interaction (Adams and Cory, 1998), whereas tertiary structure represents discontinuous binding sites such as the XIAP-Smac interaction (Wu et al., 2000). A different classification for peptide-protein interactions is by looking at the protein-protein interface they are posed to inhibit (Yan et al., 2008). Peptides binding deep cavities are typically easier to model than those that interact with extended flat surfaces. Finally, one of the more challenging aspects is the degree of plasticity in the binding mode. This includes the conformational changes of the protein receptor as well as the ability to accommodate multiple binding conformations. This is especially characteristic of protein interaction hubs such as those involved in gene regulation (Aiyer et al., 2021). Many peptides are intrinsically disordered and fold upon binding, hence optimization of peptide design will often try to maximize interactions in the complex as well as the propensity of the peptide to adopt bound structures (e.g. through chemical staples or cyclization). Peptidomimetics are often a solution in which the peptide interactions are closely maintained while designing a molecule with a lower number of degrees of conformational freedom.
COMPUTATIONAL METHODS USED TO STUDY PROTEIN-PEPTIDE INTERACTIONS
Approaches such as docking and free energy perturbation are now routinely used in the drug discovery process for small molecules. Docking methodologies explore libraries of millions of virtual compounds in search for small molecule scaffolds or for drug repurposing efforts (Kitchen et al., 2004). Meanwhile, free energy perturbation methods are now able to calculate relative (and absolute) binding free energies with errors comparable to experiments (Wang et al., 2015). Despite the successes, they have well known limitations regarding the nature of the ligands (e.g., flexibility or charge) as well as the structural rearrangements needed in the protein receptor, which become important for peptide-protein systems.
Since 2001, the CAPRI (Critical Assessment of Predicted Interactions) (Janin et al., 2003) has been instrumental in assessing the developments in methods that predict macromolecular assemblies as well as scoring functions that can identify the best predictions. The focus has been in interactions between a protein and other proteins, nucleic acids and peptides–with an emphasis on protein-protein interactions. CAPRI is a blind prediction effort in the spirit of CASP (Critical Assessment of Structure Prediction) (Moult et al., 1995): research groups from around the world use their methods to predict atomic resolution 3D structures for targets provided by CAPRI, and to predict the ranking of models based on scoring functions. The event operates with strict time deadlines for each target. At the end of the event, assessors rank the predictions comparing them to the experimental structure (which is unknown to the community at the time of the predictions). Assessors are also blind to which group performed each prediction (double-blind experiment). These methods perform well for easy targets in which there are small changes in the proteins between their free and bound form. Performance decreases for both scoring and prediction methods for the “hard” targets in which binding requires conformational changes in the proteins with respect to their free form (Lensink et al., 2019).
The above limitations become relevant for the study of peptide-protein systems. Many peptides are intrinsically disordered in their free form, becoming structured during the binding process. Predicting bound conformations requires tackling this conformational flexibility and estimating the entropic contribution of adopting bound conformations to the free energy. Knowing the bound conformation of a protein-peptide system does not imply that other peptide sequences can adopt the same bound conformation. This binding plasticity is best exemplified by: 1) receptors that bind different peptide sequences in different conformations (Aiyer et al., 2021) and 2) peptide sequences that can adopt different structures when binding different receptors (Huart and Hupp, 2013). This amount of binding plasticity is a challenge for predicting peptide-protein interactions and for computing binding affinities.
Amongst the difficulties in predicting bound conformations for protein-ligand interactions is the mechanisms by which binding takes places. It is now widely accepted that binding happens through a combination of two main binding mechanisms, traditionally described as induced fit and conformational selection. The mechanism behind induced fit is that a ligand will bind in the active site and the protein/ligand system will undergo a conformational transition toward the bound conformation. In the conformational selection mechanism, the protein and ligand each have an ensemble of possible conformations available to them—and binding occurs through a specific conformation. Each particular system under study will have a different contribution from each mechanism. Thus, how much a system changes from the unbound/bound conformation is often used as a measure of the difficulty in predicting binding. The fly casting mechanism (Shoemaker et al., 2000; Sugase et al., 2007) has been coined to understand how intrinsically disordered domains can accelerate molecular recognition. This binding mechanism is often exhibited in peptide epitopes involved in PPIs. The resulting peptides are often intrinsically disordered as described in the above paragraph, resulting in a more challenging scenario than in small molecules, where now both the protein and peptide molecules can change conformations significantly from their free form.
Docking-Based Approaches
An array of docking methodologies have emerged in the last few years, in response to a growing pharmacological interest for peptide-based drugs. Excellent reviews on such methods have been published (Ciemny et al., 2016; Porter et al., 2019; Aderinwale et al., 2020), along with studies providing benchmark sets for assessing current and future methods. Here we provide an overview of the general principles behind these approaches as well as efforts from the simulation community in predicting protein-peptide interactions.
Docking methods operate in different search modes depending on the known information about the system of interest. The ultimate goal is to recover the binding site and binding mode for the protein-peptide conformation. This problem can be broadly divided in two parts: the search problem and the scoring problem. The search problem is related to exploring the relative peptide-protein relative position and orientation, as well as the internal conformation of the protein and peptide. The scoring stage aims to identify the correctly bound structures amongst all predictions based on a function that relates docking structures to a score. Assessment of success is done on the top scoring poses.
For computational efficiency, docking methods reduce the search space in several ways, depending on the known information about the system. In a global search strategy, the peptide explores binding at all possible sites along the protein-receptor surface (Pierce et al., 2011; Kurcinski et al., 2015; Alam et al., 2017; de Vries et al., 2017; Porter et al., 2017; Xu et al., 2018; Zhou et al., 2018). Whereas in a local search approach, the binding region is limited based on prior knowledge, resulting in a more directed search (Jain, 2007; Antes 2010; Donsky and Wolfson, 2011; London et al., 2011; Trellet et al., 2013; Rentzsch and Renard, 2015; Lamiable et al., 2016; Antunes et al., 2017; Zhang and Sanner, 2019). Finally, template-based approaches forego this search by building flexibility on top of models extracted from structural databases based on protein and peptide alignments (Lee et al., 2015; Obarska-Kosinska et al., 2016).
The methods can be further divided based on how much conformational freedom is allowed for the protein receptor and the peptide. The protein receptor flexibility is a common problem to protein-protein and protein-small molecule docking (Andrusier et al., 2008; B-Rao et al., 2009). Approaches to model protein flexibility include the use of soft potentials (Fernández et al., 2002; Ferrari et al., 2004), explore rotameric states (Leach, 1994), using different protein receptor structures (Amaro et al., 2018; Falcon et al., 2019) or refining with molecular dynamics (Alonso et al., 2006). The challenges in modeling peptides arises from: 1) peptides can have different conformations in their free/bound states; 2) the same peptide sequence might bind different proteins in different conformations (Huart and Hupp, 2013), and 3) different peptide sequences can bind the same receptor in different conformations (Aiyer et al., 2021). Most docking methods use a flexible strategy for the peptide conformation. Rather than exhaustively sampling all possible conformations two approaches are typically taken: 1) based on sequence, and 2) based on representative peptide conformations. In the first approach the peptide sequence is used to either query the pdb for possible conformations of the peptide fragment (e.g., in proteins that contain that sequence) or predict secondary structure (Yan et al., 2016). The second approach uses several initial conformations generally adopted by peptides during binding (e.g., helix or extended) (see Weng et al., 2020).
Scoring functions have the task of identifying which poses are likely to be biologically relevant. Ideally these functions should reflect the underscoring binding affinities of different poses and compounds (Li et al., 2021). Their use dates back to the early days of docking methods to understand protein complexes (Kuntz et al., 1982). Scoring functions are typically divided in four types: 1) empirical fits, 2) knowledge based, 3) machine learning, and 4) first principles (Li et al., 2019; Li et al., 2021). One of the challenges in the adequate development of scoring functions is the ability to generate poses that include both good binders and bad binders. These has led to the development of decoy sets (Graves et al., 2005; Stein et al., 2021), often used as training sets for new functions. How these decoy sets are generated influences the corresponding scoring functions, often resulting in biases. Recent efforts aim at detecting and overcoming such biases (Morrone et al., 2020). Scoring functions that work for protein-protein or protein-small molecule systems are not always transferable to protein-peptide systems, resulting in the development of several specific peptide-protein scoring functions (Raveh et al., 2011; Kurcinski et al., 2015; Spiliotopoulos et al., 2016; Tao et al., 2020).
Despite the importance of blind studies (Lensink et al., 2007), there have been few protein-peptide targets in CAPRI in recent years (Weng et al., 2020). Benchmarking studies (Agrawal et al., 2019; Santos et al., 2020; Weng et al., 2020) and peptide protein datasets (London et al., 2010; Hauser and Windshügel, 2016) provide the community with the tools needed to improve docking and scoring methodologies. These benchmarks are typically divided into easy/medium/hard categories according to the conformational changes that the peptide has to undergo to bind (Trellet et al., 2013; Weng et al., 2020). A recent benchmark study using 14 different docking programs (Weng et al., 2020) shows that despite improvements in peptide-protein docking, predicting binding modes when large conformational changes are involved remains challenging.
Free Energy-Based Approaches
We refer in this category to methods that produce ensembles obeying detailed balance, and using statistical mechanics to infer representative structures and free energies. Sampling is generally achieved through Monte Carlo (Metropolis et al., 1953; Hansmann and Okamoto, 1999) or Molecular Dynamics (MD) (McCammon et al., 1977) approaches using a force field to represent atomic interactions and capture the entropic contribution in the ensembles. In these approaches, a single point structure evaluation of the potential (given a force field) is not relevant to identify low free energy states—whereas scoring functions in docking or knowledge-based potentials are intended to evaluate single structures. Through the sampling of the free energy landscape these methods capture kinetics, mechanisms of action and binding affinities. The challenge in these methodologies is to sample timescales relevant to binding events. Simulations now routinely sample the microsecond timescale, but binding events typically require reaching the millisecond timescale. Despite improvements using specialized hardware (Pan et al., 2017), using brute force MD for binding remains computationally unfeasible. A common strategy is to use MD based approaches as the last stage of docking pipelines, leading to refined models. Recently, improvements in advanced sampling techniques and computer efficiency are opening new opportunities to study peptide-protein binding.
Free energy perturbation (FEP) methods are the golden standard for characterizing binding free energies of small molecules (relative or absolute) (Wang et al., 2015). FEP requires knowledge of the bound state and uses a path independent approach, generally combining alchemical transformations and restraints to evaluate the binding free energy change. These methods suffer when there are large changes in the scaffold of the molecule, the overall charge or when multiple binding modes have to be included (Gill et al., 2018; Ruiter and Oostenbrink, 2020; Wallraven et al., 2020). Thus, the successes of FEP for small molecules are not yet generally transferable to protein-protein or protein-peptide systems. Advanced sampling strategies are opening possibilities to study the peptide binding process and extract binding affinities, albeit at a greater computational expense.
Although there are many advanced sampling techniques, for the purpose of peptide binding we distinguish between those that capture kinetics and mechanisms of action and those that identify states and binding free energies. Advances in frameworks that combine multiple unbiased MD trajectories to recover kinetic and mechanistic properties such as Markov State Models (Noé et al., 2009; Bowman et al., 2010), weighted ensemble methods (Huber and Kim, 1996; Zhang et al., 2010) and milestoning (Faradjian and Elber, 2004; Votapka and Amaro, 2015) have been used to study several peptide-protein systems (Giorgino et al., 2012; Zwier et al., 2016; Paul et al., 2017; Zhou et al., 2017). These methods can be used to estimate on and off-rates, with off-rates being significantly harder to obtain due to the long timescales needed to observe unbinding events.
A second class of advanced sampling strategies combines known information (e.g., from experiments) and generalized ensemble methodologies (Sugita and Okamoto, 1999; Fukunishi et al., 2002) to identify bound conformations (Morrone et al., 2017a; Morrone et al., 2017b; Lang and Perez, 2021). These approaches are also used to obtain qualitative relative binding affinities from competitive binding simulations (Morrone et al., 2017a; Morrone et al., 2017b).
There are yet few instances of using these methodologies as well as progress towards more quantitative methodologies. For example, in frameworks that use multiple unbiased trajectories questions like how many simulations to start from each state, how to reweight them or how to visualize them in a space that allows interpretation of the ensembles is an area of active development.
From Bound Conformations to Sequence Design
A final strategy used by the community is to identify mutations to a peptide sequence that will favor interaction with the protein through the use of fast approaches that rely on statistical or empirical potentials (Takano et al., 1999; Guerois et al., 2002) described in the docking section. Here, we typically have knowledge of a protein-protein interaction and the related structure, and use the binding epitope as a structural template. These methods are then used to mutate each residue in the peptide into different amino acids, using a fast scoring function to predict those mutations that lead to greater affinity (Delgado et al., 2019; Torres et al., 2019).
In what follows, we describe three specific examples of PPIs involved in diverse physiological process including cell growth, apoptosis or intercellular communication, together with a summarized description of the advances carried out for the development of peptide analogs, surrogates or peptidomimetics.
THE P53-MDM2/X INTERACTION
P53 has been named the “guardian of the genome” for its tumor-suppressor activity. It is a protein interaction hub, predicted to be involved in over a thousand PPIs (Tan et al., 2019) through its different functional domains (May and May, 1999). In this section we will focus on the interaction between the p53 transactivation domain and the MDM2 protein (or its homologous MDMX) which marks p53 for degradation. Inhibition of the p53-MDM2/X interaction has been an important cancer target, since it liberates p53 to carry its tumor-suppressor activity. Despite the homology between MDM2 and MDMX, developing dual inhibitor drugs remains an active field of research, with several candidates in clinical trials.
The p53-MDM2 interaction involves a short intrinsically disordered epitope from the terminal transactivation domain of p53 binding as a helix to the N-terminal domain of MDM2 (Kussie et al., 1996). MDM2 has a deep hydrophobic cavity which anchors three residues from p53 (Phe19, Trp23 and Leu26; see PDB id 1YCR, see Figure 2), (Kussie et al., 1996). MDMX shares an 80% homology in the binding site with MDM2, resulting in p53 binding along the same binding mode (PDB id 3DAB) (Hu et al., 2006; Popowicz et al., 2008). Despite their similarity, MDMX presents a shallower binding site, which poses difficulties for developing binding inhibitors. Computational approaches have played a role in both the rational design of small molecules (Bowman et al., 2007) and peptides as potential drugs (Tan et al., 2016).
[image: Figure 2]FIGURE 2 | P53 (left, PDB 1ycr) and a stapled peptide (right, MELD prediction) binding MDM2. Three anchoring hydrophobic residues in the peptide as shown as sticks (orange). The cartoon representation shows the extended helix for the ATSP7041 stapled peptide.
Studies based on MD and docking have tried to characterize the details of the p53-MDM2 interaction. Studies using MSM approaches are now yielding on-rates for p53-MDM2 close to experiment, while the off-rates remain challenging to estimate directly (Zwier et al., 2016; Zhou et al., 2017). These studies are also providing information about the binding mechanisms, predicting the helicity needed for a peptide to switch from an induced fit binding paradigm to one in which conformational selection dominates (Zhou et al., 2017). Some studies are also using the longer MDM2 construct, which includes a “lid” region that effectively reduces the amount of time the binding site is accessible for p53 binding. Molecular dynamics approaches yield detailed information on the effect of the lid disordered region on the binding energy surface of MDM2 and compares it to the case of p53 and several other small molecule drugs (Bueren-Calabuig and Michael, 2015). Recent flexible docking simulations of the p53 peptide starting from unbound conformations and including the disordered tails in MDM2 reported the best scoring structure to be 3.74 Å from the experimentally bound structure (Ciemny et al., 2018).
The small molecule drug Nutlin-3a (1 in Figure 3) and its derivative, idasanutlin (2 in Figure 3) now in pPhase III trial for relapsed/refractory acute myeloid leukemia were developed for its ability to bind an inhibit MDM2 (Vassilev et al., 2004; Vassilev, 2005; Ding et al., 2013). However, this family of compounds are not efficient against MDMX (Hu et al., 2006; Joseph et al., 2010)—similar trends have been observed in other compounds like AMG-232 (3 in Figure 3), where binding to MDMX has significantly lower affinity than for MDM2. Furthermore, small molecules inhibitors of MDMX have not been successful in culture cells (Reed et al., 2010). Small molecule designs have tried to mimic the three hydrophobic residues found in the p53 binding epitope as a template for efficient inhibitor design (Gonzalez-Lopez de Turiso et al., 2013; Furet et al., 2016; Burgess et al., 2016) while reducing their toxicity. Several such designs are currently undergoing clinical trials (Burgess et al., 2016).
[image: Figure 3]FIGURE 3 | Chemical structures of nutlin-3a (1); idasanutlin (2); AMG-232 (3) and ATSP-7041 (4).
A different strategy for dual inhibition identifies peptide sequences based on the known binding motif. As a result, several linear peptides designs (Pazgier et al., 2009; Phan et al., 2010) with greater affinity than the original p53 peptide have been found. Peptide designs conserve the three hydrophobic residues that anchor in MDM2/X and make longer helices. Brownian Dynamics was used to investigate differences in binding kinetics for several peptide sequences (ElSawy et al., 2016). Despite the greater binding affinity to MDM2 and MDMX as mentioned above, linear peptides exhibited a poor ADME profile: they are easily degraded and hampered to cross barriers, limiting their use as drugs. They are however great starting points for peptidomimetic design. A different strategy uses non-standard amino acid backbones (Sang et al., 2020) to increase resistance to degradation while keeping the side-chains that allow strong interactions with the protein receptors. Several such peptides have advanced to clinical trials (Carvajal et al., 2018; Jiang and Zawacka-Pankau, 2020).
Stapled peptides represent an interesting alternative to overcome some limitations of linear peptides by easily crossing barriers, being resistant to degradation and adopting stable helical conformations that favor binding (Bernal et al., 2007; Chang et al., 2013; Meric-Bernstam et al., 2017), leading to strong inhibitors. Tan and co-workers introduced the need for rational design to incorporate chemical staples by maintaining enthalpic interactions while reducing entropic costs (Tan et al., 2016). Our work on this field has centered on identifying bound conformations through integrative modeling approaches based on molecular dynamics simulations (Morrone et al., 2017a; Morrone et al., 2017b; Lang and Perez, 2021). We have been able to predict the binding of several linear and cyclic peptides as well as qualitative relative binding free energies (Morrone et al., 2017b). We identify different binding mechanisms for different peptides (Lang and Perez, 2021): p53 which is intrinsically disordered binds in a disordered state and then folds in the active site, whereas ATSP-7041 (4 in Figure 3) is a stapled peptide that binds as a helix. In the latter case, an incorrect orientation of the side chains requires partial unbinding and rebinding of the stapled inhibitor. Due to long residence times, even partial unbinding can be a slow step in simulations, leading to slow convergence. A linear peptide (pdiq) with strong helical propensities is shown to be able to rearrange its side chains by partially unfolding in the active site. Thus, pdiq avoids the slow unbinding step.
THE BH3-BCL-2 INTERACTION
Apoptosis is an evolutionarily conserved, regulated form of cell death involved in tissue homeostasis, embryonic development and immunity (Elmore, 2007). Apoptosis dysregulation has a major impact in disease, since an excessive response can lead to neurodegeneration or an increased ischemic risk, whereas a defective response plays a major role in tumor development and autoimmune diseases (Favaloro et al., 2012). The intrinsic apoptotic pathway (physiologically dominant and not mediated by a death receptor) is regulated through a complicated PPI network involving the B-cell lymphoma-2 (Bcl-2) family of proteins. With some of the members exhibiting pro-apoptotic activity and others pro-survival profiles, the apoptotic process is initiated by the interaction of pro-apoptotic and pro-survival members regulating mitochondrial outer membrane permeability, a crucial step in apoptosis (Chipuk et al., 2010; Czabotar et al., 2014). The interplay of the members of this family of proteins represents a good example illustrating how a short linear peptide motif is key to regulate a complex network of PPIs.
More than 20 members of the Bcl-2 protein family have been characterized so far. Sequence analysis indicates that they share one or more specific conserved regions known as Bcl-2 homology (BH) domains that are necessary for function, since their deletion via molecular cloning affects survival/apoptosis rates. Pro-survival members such as Bcl-2, Bcl-xL, Bcl-w, Mcl-1, Bfl1/A1 and Bcl-B are characterized for exhibiting four homology domains (BH1-BH4) together with a transmembrane domain. On the other hand, pro-apoptotic members can be classified into two subgroups: the multi-BH domain proteins including the pro-apoptotic effectors Bax and Bak with four BH domains (BH1-BH4) together to a transmembrane domain and the BH3-only proteins such as Bim, Bid, Puma, Bad, Bik, Bmf, Hrk and Noxa that share little sequence homology, apart from the BH3-domain (Chittenden, 2002). Some of the BH3-only proteins like Bim, Bid and to a lesser extend Puma are direct activators of the pro-apoptotic effector proteins, whereas the rest are sensitizers that indirectly activate Bak and Bax by binding to pro-survival proteins and liberating BH3-only activators (Singh et al., 2019) (Figure 4).
[image: Figure 4]FIGURE 4 | Direct and indirect mechanism models for Bax or Bak activation in the intrinsic cell death pathway. In the indirect activation model (left), in the resting state effectors Bax and Bak are inhibited directly by pro-survival members (1). After an apoptotic stimulus, BH3-only proteins bind to pro-survival proteins releasing pre-activated Bak and Bax (2) to initiate the apoptosis process (3). In the direct activation model (right), after an apoptotic stimulus BH3-only activators activate Bak/Bax, whereas BH3-sensitizers inhibit pro-survival Bcl-2 members, initiating the apoptotic process.
Despite the progress made in the last years, the mechanism of apoptosis regulation by the Bcl-2 family of proteins is not completely understood (Ichim and Tait, 2016). It is well established that the relative amounts of pro-apoptotic and pro-survival proteins in a cell, together with the capability of these proteins to form heterodimers, determine cell susceptibility to undergo apoptosis (Oltvai et al., 1993). Moreover, it is well established that pro-survival proteins inhibit apoptosis by directly binding to and sequestering their pro-apoptotic counterparts. This hypothesis was demonstrated when the BH3 domain of pro-apoptotic proteins showed capability to induce apoptosis in cell-free systems and HeLa cells (Holinger et al., 1999; Wang et al., 2000). Thus, under normal conditions in healthy cells, pro-survival Bcl-2 proteins sequester pro-apoptotic effectors as well as BH3-only proteins, preventing apoptosis. However, upon cytotoxic stress, the overwhelming number of BH3-only proteins produced activate pro-apoptotic effectors either by direct binding or through the liberation of restrained pro-apoptotic effectors by binding to pro-survival Bcl-2 proteins. This process originates the accumulation and activation of pro-apoptotic effectors with their subsequent oligomerization at the mitochondrial outer membrane, inducing its permeability (Chipuk et al., 2010; Singh et al., 2019). Moreover, the variable affinities exhibited by the diverse members of family for each other and their modulation when proteins are embedded in a membrane are also relevant. Consequently, BH3 domain peptide analogs and surrogates have been long considered appealing molecules for therapeutical intervention (Goldsmith et al., 2006), especially in cancer, since downregulation of apoptosis is considered a key step for the initiation and maintenance of the disease (Hanahan and Weinberg, 2000; Hanahan and Weinberg, 2011).
Structural studies on diverse members of the Bcl-2 family have provided a wealth of information, being key to understand the molecular mechanisms by which the intrinsic apoptosis pathway is regulated. The 3D structure of the human Bcl-xL in its apo form, solved by NMR spectroscopy and X-ray crystallography was the first one available (Muchmore et al., 1996). It consists of eight alpha helices (α1-α8) that are connected to the BH domains. Specifically, the BH2 spans along helix α8, the BH3 along helix α2 and the BH4 along helix α1. In contrast, the BH1 spans partially along helices α4 and α5 together to the loop connecting them (Figure 5A). In addition, the protein also has a C-terminal segment that serves as an anchor to the membrane, needed to be removed to conduct structural studies. A major feature of the structure is the large hydrophobic groove formed by the BH1-BH3 domains that corresponds to the interaction site of the BH3 domain of its counterpart family members, as shown in diverse crystallographic structures. The structures of the rest of the pro-survival members of the Bcl-2 family in their apo form exhibit the same topology (Petros et al., 2001; Hinds et al., 2003; Day et al., 2005; Harvey et al., 2018). Interestingly, the structures of the pro-apoptotic effectors Bak and Bax also exhibit the same topology, despite their diametrically opposing functions (Suzuki et al., 2000; Moldoveanu et al., 2006). In contrast, except for Bid that also exhibits a similar structure (Chou et al., 1999), most BH3-only proteins are intrinsically disordered (Hinds et al., 2007).
[image: Figure 5]FIGURE 5 | (A) 3D structure of Bcl-xL (PDB ID: 1MAZ) with the diverse elements of secondary structure labeled. The BH domains are color-coded: BH1 navy blue; BH2 cyan; BH3 yellow; BH4 dark green. (B) 3D structure of the complex Bcl-xL/BH3-Bak (in orange) (PDB ID:5FMK).
There are currently no heterodimer structures available involving Bcl-2 family members. However, several structures of pro-survival Bcl-2 members bound to BH3, the linear peptide motif involved in pro-survival-pro-apoptotic PPIs are available. The complex Bcl-xL-Bak BH3 domain was the first three dimensional structure solved of any Bcl-2 protein complex (Figure 5B) (Sattler et al., 1997). The structure shows the BH3 domain in a helical structure bound to a hydrophobic groove with four hydrophobic residues projecting their side chains into the cleft and with the Asp83 residue displaying an electrostatic interaction with Arg139 in Bcl-xL. Subsequently, several structures of BH3 domains bound to diverse pro-survival Bcl-2 members were reported in the literature, all of them exhibiting the same general features found in the Bcl-xL-Bak BH3 complex (Petros et al., 2004). Sequence alignment of the diverse BH3 domains shows they display the consensus sequence Ф1ΣXXФ2XXФ3ΣDZФ4Γ, where Фn represents a hydrophobic residue, Σ is a residue with a short side chain, Z an acidic residue, Γ is a hydrophilic residue and X represents any residue (Chen et al., 2005; Day et al., 2008; Lomonosova and Chinnadurai, 2008). The Ф2 residue is a leucine in all pro-apoptotic BH3-only members whereas Ile, Leu, Val, Met or an aromatic residue are frequently found for the rest Фn. The pattern Фn display guarantees their alienation on the same face of a helical structure. These four residues together with the conserved aspartic acid are the residues responsible for binding the hot spots at the hydrophobic binding cleft consisting of four hydrophobic pockets (P1-P4) together with a conserved arginine. As mentioned above, the pro-apoptotic BH3 domains bind the pro-survival proteins with different affinities. Thus, Bim and Puma have comparable affinity for all pro-survival proteins. Bad and Bmf preferently bind Bcl-2, Bcl-xL and Bcl-w, whereas Noxa bind only Mcl-1 and Bfl1/A1 and Bid, Bik and Hrk bind Bcl-xL, Bcl-1 and Bfl1/A1 (Chen et al., 2005). This differential profile is due to differences in their sequence, since mutations can reverse binding preferences (Campbell et al., 2015). Numerous structural and computational studies have been performed to understand the nature of the binding preferences between BH3 peptides the diverse members of the Bcl-2 family, providing a deeper insight into the nature of these interactions key to design BH3 peptide surrogates and peptidomimetics (Lama and Sankararamakrishnan, 2011; Ivanov et al., 2016; Zhang et al., 2018; Vila-Julià et al., 2020). This knowledge is specially relevant for designing selective BH3 analogs (Denis et al., 2020; Reddy et al., 2020).
In order to design drugs with BH3 functionality, peptide analogs and surrogates are expected to be more resistant to proteolytic enzymes and can also be designed to exhibit higher populations of the bioactive conformation in solution compared to the original linear peptides. Diverse strategies have been used for the discovery of potent peptide surrogates of the BH3 domain (Orzáez et al., 2009). As a general strategy, increased resistance to proteolytic enzymes can be carried out by replacing peptide bonds by isosteres or using a holistic approach, constructing retro-inverso analogs or peptoids (Perez et al., 2002; Akram et al., 2014; Perez, 2018). The design of α/β peptide surrogates of BH3 with sequences alternating α and β amino acids have been successfully designed (Horne et al., 2008). Interestingly, the α/β alternating pattern can modify the pharmacodynamic profile of the analogs changing their affinity or moreover, their selectivity for the different pro-survival proteins (Boersma et al., 2012).
Experimental studies as well as computational studies reveal that BH3 peptides do not exhibit a helical structure in solution (Petros et al., 2000; Perez et al., 2016). In order to avoid negative configurational entropy effects, the affinity of the analogs can be increased by designing analogs that enhance the bioactive conformation population in solution by embedding helix enhancer residues in the sequence (Delgado-Soler et al., 2013). An alternative approach focused on constraining the helical structure of the analogs in solution. Early attempts to stabilize the Bak BH3 peptide used lactam cross-links side chain-to-side chain at positions i and i+4 (5 in Figure 6). Unfortunately, although the peptides exhibit helical structure, none of these analogs showed any binding to Bcl-2 due to a steric hindrance with the receptor (Yang et al., 2004). In contrast, the hydrocarbon stapling approach demonstrated to be a successful approach. In this case, macrocyclization between specific residues of the helix occurs via a ring-closing metathesis reaction using α,α-di-substituted amino acids with olefin tethers as building blocks. This procedure was successfully used to stabilize the Bid BH3 peptide (6 in Figure 6), proving to be helical, protease-resistant, and cell-permeable molecules that bound with increased affinity to multidomain Bcl-2 member pockets (Walensky et al., 2004). However, not every stapled BH3 helix exhibits improved bioactivity, which requires the synthesis and testing of a set of modified peptides to identify suitable candidates. Other types of staples have also been used. For example, bisaryl cross-linkers have been used recently to reinforce peptide helices containing two cysteines at positions i and i+7. This approach has been used for the stabilization of the Noxa BH3 peptide (7 in Figure 6), showing a potent cell-killing activity in Mcl-1-overexpressing cancer cells (Muppidi et al., 2012). After an optimization process, the final molecule exhibits increased helicity in regard to the native peptide and an improved pharmacokinetic profile including cell permeability and proteolytic stability.
[image: Figure 6]FIGURE 6 | Chemical structures of diverse stapled analogs of the BH3 domain.
A different strategy focuses on finding small-molecule mimics of the BH3 domains (Roy et al., 2014; Yap et al., 2017). Despite a-helix mimics have been reported (Yap et al., 2017), most of the BH3 mimetics have been discovered from an optimization process that started with a hit identified by high throughput screening, followed a hit-to-lead structure-based optimization process helped with biophysical techniques and computational methods. Hits identified from natural products libraries include antimycin A3 (Tzung et al., 2001), gossypol and purpurogallin (Kitada et al., 2003), epigallocatechin gallate and theaflavinin or the alkaloid prodigiosin (Chang et al., 2011). On the other hand, hits found in commercial libraries include BH3I-1 and BH3I-2 (Degterev et al., 2001). Gossypol was used as starting structure to discover interesting Bcl-2 inhibitors (Becattini et al., 2004) like sabutoclax (8 in Figure 7) (Wei et al., 2010) or TW-37 (9 in Figure 7) (Wang et al., 2006). Similarly, prodigiosin was used as starting molecule to discover obatoclax (10 in Figure 7), an inhibitor of pro-survival members of the Bcl-2 family that antagonize Bax or Bak, causing cytotoxicity. The compound has gone through several clinical II studies for the treatment of patients with solid tumors and hematopoietic malignancies (Shoemaker et al., 2006). On the other hand, optimization of BH3I-1 led to the discovery of WL-276 (11 in Figure 7) (Wang et al., 2008) with a similar inhibitory activity against Bcl-2 and enhanced inhibitory activity against Bcl-XL as compared with gossypol. In contrast, WL-276 effectively induces apoptosis in PC-3 cells at low micromolar concentrations. Similarly, the compound WEHI-539 (12 in Figure 7) was optimized from a hit identified in high throughput screening following a structure-guided approach. The compound exhibits high affinity and selectivity for BCL-XL and potently kills cells by selectively antagonizing its pro-survival activity (Lessene et al., 2013).
[image: Figure 7]FIGURE 7 | Chemical structures of diverse small molecule mimics of the BH3 domain. Sabutoclax (8); TW-37 (9); obatoclax (10); WL-276 (11); WEHI-539 (12).
A NMR spectroscopy based fragment screening approach coupled with computational studies was also used to discover other small-molecule inhibitors of Bcl-2. Specifically, these studies led to the discovery of ABT- 737 (13 in Figure 8) (Oltersdof et al., 2005), a potent small-molecule inhibitor of Bcl-2, Bcl-xL, and Bcl-w. Although the compound is not orally available, it exhibits an acceptable pharmacokinetic profile when administered intraperitoneally. The crystallographic structure of the complex with Bcl-xL (Lee et al., 2007) shows ABT-737 sitting on the hydrophobic BH3 binding cleft as expected from its design (Figure 9). Further optimization of the molecule led to the discovery of the orally bioavailable Navitoclax (ABT-263) (14 in Figure 8) (Tse et al., 2008). Both compounds are peptidomimetics of the Bad-BH3 domain, so they are potent binders of Bcl-2, Bcl-xL and Bcl-w, but not to Mcl-1 or Bfl1/A1, exhibiting a demonstrated antitumor activity in vitro and in vivo. While clinical responses with navitoclax were promising, mechanistic dose-limiting thrombocytopoenia was observed in patients under treatment due to Bcl-xL inhibition in platelets. Further studies were undertaken to remove the undesired side effects, leading in the discovery of venetoclax (ABT-199) (15 in Figure 8) (Pan et al., 2014), a highly selective Bcl-2 inhibitor that was approved by the US FDA in April 2016 as a second-line treatment for chronic lymphocytic leukemia. Inspired by ABT-737, a series of inhibitors with a 4,5-diphenyl-1H-pyrrole-3-carboxylic acid as core structure have been developed. Among them, compound BM-957 (16 in Figure 8) that binds to Bcl-2 and Bcl-xL with high affinity and shows potent activity in cell growth inhibition in small-cell lung cancer cell lines like the H1147 and H146 (Chen et al., 2012). Also inspired by ABT-737 and following a structure based process, AZD4320 (17 in Figure 8) was recently developed (Balachander et al., 2020). This is a dual inhibitor of Bcl-2 and Bcl-xL that minimizes Bcl-xL–mediated thrombocytopenia. The compound has been used satisfactorily to design AZD0466, a drug-dendrimer conjugate, where AZD4320 is chemically conjugated to a PEGylated poly-lysine dendrimer (Patterson et al., 2021).
[image: Figure 8]FIGURE 8 | Chemical structures of diverse small molecule mimics of the BH3 domain. ABT-737 (13); Navitoclax (ABT-263) (14); venetoclax (ABT-199) (15); BM-975 (16); AZD4320 (17).
[image: Figure 9]FIGURE 9 | 3D structure of the complex Bcl-xL/ABT-737 (PDB ID: 5MFK).
INTEGRINS AND TISSUE ENGINEERING
Integrins orchestrate cell–cell and cell–extracellular matrix adhesive interactions from embryonic development to mature tissue function involving PPIs with other proteins located in the extracellular matrix (ECM) of tissues (Barczyk et al., 2010). The ECM refers to different molecules that are secreted by cells, mainly polysaccharides, small molecules and proteins, that serve as matrix that provide structural and biochemical support to the surrounding cells (Frantz et al., 2010). Such interactions occur naturally in native tissues and can be altered in the presence of injuries or damaged tissues. In this context, and in order to allow tissue regeneration, the discipline of tissue engineering has emerged in order to guide cells, tissues and ultimately, organs, to recover their function (Langer and Vacanti, 1993). However, integrins not only play an important role in regulating cell adhesion, but also function as integral transmembrane signaling molecules in the regulation of cellular behavior such as organization of the intracellular cytoskeleton, regulation of the cell cycle or movement of new receptors to the cell membrane (Giancotti and Ruoslahti, 1999; Kadry and Calderwood, 2020). They are also involved in blood coagulation and in pathophysiological processes such as tumor growth, metastasis, or angiogenesis. Specific functions of integrins have been exploited for therapeutical intervention. Thus, diverse PPIs disruptors have been designed for the treatment of thrombosis, stroke and myocardial ischemia (Scarborough and Gretler, 2000) or for the treatment of cancer and osteoporosis (Auzzas et al., 2010). On the other hand, knowledge of the nature of the PPIs involved with the ECM can be used to mimic integrin ligands in tissue engineering.
Integrins are heterodimers integral transmembrane proteins composed of α and β subunits that modulate the association between the extracellular matrix and the cytoskeleton. More than twenty different α/β heterodimeric integrins have been recognized, resulting from the combination of eighteen α and eight β subunits (Hynes 2002; Barczyk et al., 2010). The most widely studied members of this subgroup have in common a β3 subunit. Specifically, the platelet receptor αIIbβ3 that binds fibrinogen, involved in the blood coagulation process and, the fibronectin receptor αvβ3 that binds a wide variety of ligands and is up-regulated in many solid tumors contributing to the mechanisms involved in tumor growth and metastatic dissemination. Integrins signaling is initiated by binding to different proteins in the ECM including fibronectin, laminin, vitronectin, collagen or cell-surface receptors such as intercellular adhesion molecule-1 (ICAM-1) and vascular cell-adhesion molecule-1 (VCAM-1).
Integrins and ECM proteins PPIs occur via short peptide linear binding motifs (Ruoslahti, 1996). One of these motifs is the sequence Arg-Gly-Asp (RGD), common to a subgroup of eight integrins that was the object of study for designing inhibitors of platelet aggregation. The RGD motif is not a potent inhibitor of αIIbβ3 in platelet aggregation assays. However, extension with an amino acid at the C-terminal significantly enhances the inhibitory activity of these peptides (Pierschbacher and Ruoslahti, 1984). Subsequent studies by means of NMR conformational analysis and molecular dynamics simulations led to the design of cyclic peptides embedding the RGD sequence. These studies demonstrated that analog selectivity for different integrins was associated with the conformation the RGD segment attains. Specifically, the distance between the basic arginine side chain and the acid aspartic side chain controlled by the conformation of the macrocycle. In the αIIbβ3 selective pentacyclic peptides the peptide adopts a conformation with a β-turn centered on Gly together with a distorted type II′ β-turn involving the two other residues at the i+1 and i+2 positions, respectively (Müller et al., 1994). On the other hand, pentacyclic peptides selective for the αvβ3 receptor exhibit a reverse β-turn centered on the Asp residue and a distorted type II′-β turn with Gly and Asp at the i+1 and i+2 positions, respectively. In the case of the hexacyclic peptides, selectivity could be shifted from αIIbβ3 to αvβ3 by forcing the conformation attained by the peptide from a type II′ to a type I β-turn conformation. This forces the arginine side chain either to adopt a pseudoequatorial orientation or to be raised above the plane of the backbone in a pseudoaxial orientation, respectively (Bach et al., 1996). These studies led to the discovery of selective antagonists of the αIIbβ3 and αvβ3 receptors (Andronati et al., 2004; Auzzas et al., 2010) including the commercially available cyclic heptapeptide eptifibatide, a potent αIIbβ3 selective antagonist (Scarborough et al., 1993), and the cyclic pentapeptide cilengitide, a potent αvβ3 selective antagonist (Dechantsreiter et al., 1999).
The concept of tissue engineering aims at stimulating the regeneration of a damaged tissue (Perez et al., 2015). For this purpose, the combination of three main elements is essential in order to provide the appropriate signaling to induce the desired effect (Perez et al., 2013). The three key elements are: scaffolds, short linear peptide motifs and cells. The aim of these three main components is to mimic to the maximum extent the situation that takes place in natural tissue healing (Perez et al., 2015). In this sense, the scaffold serves as a matrix that presents similar characteristics to the natural extracellular matrix of tissues. The scaffold can be loaded with molecules involved in the regeneration of the tissues, which depending on the tissues, can involve growth factors, cytokines or drugs (Garg et al., 2012). Finally, these constructs will allow the attachment, proliferation and differentiation of cells that will ultimately, once implanted in the site of defect, guide the surrounding tissues to induce new tissue formation. Among the three different elements, scaffolds play a pivotal role in providing the appropriate cues to allow the interplay between cells and tissue with the scaffolds itself (Perez et al., 2013).
Scaffolds can be composed of different types of materials, which can be from polymeric origin, ceramics or metallic (O’Brien, 2011). The selection of the materials will mainly depend on the targeted tissue to be regenerated, using soft materials (polymers) for soft tissues such as neuronal tissues and cartilage, and stiff materials (ceramics and metals) for hard tissues, mainly bone (Engler et al., 2006). In all cases, these scaffolds need to mimic to some extent the ECM. In order to replicate the attachment of cells onto the ECM, synthetic materials need to provide similar ECM cues to allow the protein-protein interaction that will eventually lead to cell attachment and guide cells into the regeneration processes (Perez et al., 2013). Hence, the scaffolds, if properly selected, can act as mediator and guidance for the regeneration of tissues. For this purpose, the scaffolds themselves can be composed of natural proteins which possess cell recognition sites (epitopes) that will allow the interaction with cells, or they can be designed as a non-protein origin (Dhandayuthapani et al., 2011). In the latter case, it is essential to provide within the scaffolds certain cues to allow cell-material interaction (Tallawi et al., 2015). For this purpose, several domains can be covalently attached on the surface of the materials, such as proteins, peptides, drugs or growth factors to name a few. Generally speaking, proteins present certain cell instructive domains that will allow the recognition by cells and allow interaction. Nevertheless, the presence of proteins within the body can induce non-desired effects such as an acute immune response. Furthermore, as proteins are big molecules, their epitopes need to be properly exposed for cells to interact, otherwise their positive effect can be neglected. Taking this into account, peptides have appeared as domains that can be used as well, allowing only using the specific amino acid sequence that is active for cell adhesion or cell guidance with the added value that will prevent from any immune response and will be easily allocated in the proper manner to allow cell interaction (Perez et al., 2013; Tallawi et al., 2015; Klimek and Ginalska, 2020).
Regarding the short linear peptide motifs, there have been a number of epitopes discovered to have relevant properties in specific cell functionalities. The most widely known amino acid sequence is RGD (Arg-Gly-Asp), which is an amino acid sequence found in several ECM proteins, such as collagen, laminin, fibronectin or vitronectin, mainly having key role in cell adhesion (Jeschke et al., 2002; Petrie et al., 2008; Von Der Mark et al., 2010). Several peptides possess similar potential to allow cell adhesion, such as PHSRN and YIGSR (Fittkau et al., 2005). There are other amino acid sequences with different potential and with more specific targets. For instance, IKVAV, which is an epitope from the α-1 laminin chain, enhances cell growth, neuronal differentiation and nerve regeneration (Patel et al., 2019). In a similar way, KLPGWSG induces as well neuronal differentiation (Caprini et al., 2013). While these peptides are related with ECM proteins, other peptides have mimicked specific growth factors, such as bone morphogenetic protein, vascular endothelial growth factors or brain derived neurotrophic factors. These growth factors are molecules that are released from cells into the ECM and have great therapeutic potential. In this sense, peptide such as KPSS, KLT and RGI are able to regulate bone regeneration, angiogenesis and nerve regeneration respectively (Ding et al., 2020).
Despite general knowledge on how certain epitopes are able to guide cell behavior, there are still undiscovered number of epitopes that could provide similar potential to those already known. While these epitopes could be empirically and experimentally discovered, this would be both time consuming and not cost-effective. For this reason, computational strategies open a window of unlimited epitope discovery that will more finally tune tissue guidance. Up to now, sequences are not taken into account as cell specific, or in other words, as integrins specific, since not all cells present that same cell membrane integrins. Discovering among the selective interactions of certain integrins with specific peptides may be of great potential.
OPPORTUNITIES FOR COMPUTATIONAL APPROACHES IN TISSUE ENGINEERING
A straightforward application of the principles described in the cases of p53 and bcl2 into tissue engineering is the identification of naturally occuring binding modes and interactions between ECM elments and integrins. This knowledge can lead to the identification of functional peptide motifs that have not currently been identified and the design of new chemical molecules that bind certain integrins specifically. As an example, the RGD motif has been characterized using computational and experimental tools due to its ability to bind different integrin types. However, the interplay of internal structure of the motif and binding mode give rise to nuances in the binding and recognition (Dechantsreiter et al., 1999; Kapp et al., 2017). Thus, the presence of an RGD motif inside a particular scaffold might force conformations of the motif that are only recognized by a subset of integins. A hybrid computational and experimental approach used metadynamics based sampling to design a small molecule antagonist (RUC-1) that is specific to only one type of integrin (Zhu et al., 2010). The native RGD antagonist binds different integrins and induces a conformational change between a closed and an open state; whereas the RUC-1 antagonist binds only in the αIIbβ3 integrin without inducing a change between the closed and open state (Zhu et al., 2010). Other computational approaches target membrane proteins like integrins by optimizing the sequence of the peptide epitope that binds the membrane receptors (Yin et al., 2007; Shandler et al., 2011).
A second area of interest is in the development of material that self-assembles to provide a scaffold for cells. A common strategy is to use self-assembling peptides that can from hydrogels on injection into a patient–thus localizing to a specific region in the body (Wade et al., 2012; Loo et al., 2015). There are several approaches to achieve molecular self-assembly which have been previously described experimentally (Loo et al., 2015), many of which rely on peptide sequences. These self-assembling peptides should have a sequence capable of self-assembling, while at the same time carrying a sequence motif that is accessible and recognizable by integrins, to dictate their behavior (see Figure 10). This is a chance for computational approaches to carry out systematic analysis of optimal sequence design to achieve specific mechanical properties (e.g., mechanical stiffness), and rational optimization for active and accessible conformations of the integrin-binding motifs. Smadbeck and co-workers designed short peptide motifs that were able to self-assemble and did a posterior characterization using experimental approaches (Smadbeck et al., 2014), a second strategy is based on using proteins that fold into stable structures and then self-assemble (Chen et al., 2019). Despite these successes in computational design, many hybrid approaches rely on an experimental design followed by computational characterization, typically with molecular dynamics (Cormier et al., 2013; Leonard et al., 2013). The accumulated knowledge on peptides secondary structure propensities (Jones, 1999; Moreau et al., 2009; Best et al., 2012), protein structure and assembly prediction (Lensink et al., 2007; Moult et al., 1995) and design principles (Simons et al., 1999; Delgado et al., 2019) can provide useful insights in this area of research.
[image: Figure 10]FIGURE 10 | Tissue engineering overview. (A) The surface of a cell is covered with different types of integrin proteins, which recognize molecular queues in the extracellular matrix (ECM) environment. (B) The ECM is composed of diverse biological components, such as collagen fibers, which can interact with integrins through specific amino acid sequences (e.g., GFOGER in the example, pdbid 1dzi). (C) The goal in tissue engineering is to design materials, such as self-assembling peptides that provide an ECM scaffold and chemical queues that can trigger cellular behavior.
CONCLUSION
Computational and modeling approaches have long been involved in rational drug discovery. As the methods have matured, new opportunities emerge to model other types of molecules that can be beneficial as drugs, such as peptides. The challenges for computational methods continue to be related to sampling, scoring and the nature of the system under study. In systems where the protein receptor and ligand are rigid, predicting bound conformations is less challenging, and the quality of the scoring function dictates the accuracy of the predictions. As the systems become more flexible (both protein and ligand) requiring large conformational transitions and ability to bind through several possible binding modes, the interplay between sampling and scoring becomes more relevant to account not only for direct interactions but the ability to adopt bound conformations. General strategies for design include maximizing peptide interactions in the bound conformation and deriving peptidomimetic or small molecule solutions that maintain the interaction profile while reducing the internal flexibility of the ligand. We have highlighted opportunities to apply these methods to the field of tissue engineering, where recent advances in structure prediction can play a big role.
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Targeting protein-protein interactions (PPIs) has been recently recognized as an emerging therapeutic approach for several diseases. Up today, more than half a million PPI dysregulations have been found to be involved in pathological events. The dynamic nature of these processes and the involvement of large protein surfaces discouraged anyway the scientific community in considering them promising therapeutic targets. More recently peptide drugs received renewed attention since drug discovery has offered a broad range of structural diverse sequences, moving from traditionally endogenous peptides to sequences possessing improved pharmaceutical profiles. About 70 peptides are currently on the marked but several others are in clinical development. In this review we want to report the update on these novel APIs, focusing our attention on the molecules in clinical development, representing the direct consequence of the drug discovery process of the last 10 years. The comprehensive collection will be classified in function of the structural characteristics (native, analogous, heterologous) and on the basis of the therapeutic targets. The mechanism of interference on PPI will also be reported to offer useful information for novel peptide design.
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INTRODUCTION
In the progression of many pathological states, protein–protein interactions (PPIs) play the fundamental role of mediators of signal transmission and for this reason they represent optimal targets for drug discovery.
The size of the human interactome, the complex network of protein interactions, has been estimated to involve about 650,000 relevant contacts (Stumpf et al., 2008) that regulate all biological events and are responsible, when dysregulated, of a great number of pathological diseases. The dynamic nature of PPI and the large contact area that is often required between the partners (approximately 1,000–4,000 Å) have discouraged in the past to consider them as interesting targets. Small molecule drugs indeed are able to inhibit only interactions involving a binding area from 300 to 1,000 Å (Jones and Thornton, 1996) and PPI often lack of definite pockets. Usually protein association occurs between hydrophobic regions called “hot spots”, rich in amino acids that are able to form hydrogen bonds and π-interactions, and only a small number of crucial residues within the complete area are involved in determining binding affinity and specificity. Many hot spots core regions are associated with the presence of α-helix, β-sheet and β-turn protein secondary structure motifs and peptidomimetics targeting PPI have been tailored in the past years to mimic these ordered structures (Robertson and Spring, 2018; Mabonga and Kappo, 2020).
In this scenario, peptides have been discarded as potential lead compounds because they were affected by several issues, namely the random conformations of short sequences, the difficulties in synthesis and purification of longer ones and the sensitivity to endopeptidases, determining generally half-lives of few minutes (Fozgerau and Hoffmann, 2015). Moreover, susceptibility to proteolytic degradation made oral administration a challenge. The development of reliable techniques for peptide synthesis and purification gave access to pharmaceutical grade peptides, even with a high number of amino acids. In addition, molecular design can easily overcome the above-mentioned limits, thanks to the incorporation of non-native amino acids, the introduction of lipophilic side chains or cyclic sequences. For this reason, in the last two decades peptides have found renewed attention (Lau and Dunn, 2018) and up today about 70 therapeutic peptides have been approved and launched on the market. Among the reasons behind the development of new chemical entities (NCEs) in the polypeptide segment there is the commercial and therapeutic success of GLP-1 analogues, Liraglutide and Semaglutide, for the treatment of type 2 diabetes and obesity, that exceeded 7.6 B$ sales in 2020 (Novo Nordisk 2020 annual report, February 3, 2021). The 13 h half-life of liraglutide (Neumiller and Campbell, 2009) and the 7 days half-life of semaglutide (Hall et al., 2018), which is also orally available, have been at the basis of the success of these medicines. Several market studies forecasted a consistent global growth and success of the peptide segment, from 29 B$ sales in 2019 to 48 B$ in 2025 (excluding insulin), with an annual 10% increase (Mordor Intelligence, 2020).
We focused this review on the peptides under clinical trials in the last 3 years, that are the direct application of the increased PPI knowledge and of the synthetic design and tactics evolution during the last 10 years. Only therapeutic peptides with a length up to 40 aa, according to the FDA definition, are discussed (FDA - U.S. Food and Drug Administration, 2018). We strictly considered therapeutic peptides targeting PPI, excluding diagnostic, radiotherapeutics, vaccines and conjugated peptides with different chemical modalities (Blanco and Gardinier, 2020).
The identification of peptides in clinical phase was not a simple task. The list of peptides under development discussed in this survey is the combination and critical evaluation of information coming from Cortellis-Clarivate, clinical trials databases (United States and Europe) and from companies’ web sites, in order to really understand product status. In fact, during the drug discovery and development process few companies communicate NCEs elimination from the pipeline and most of the time the molecule simply disappears from official reports and websites. In addition, the same molecule can be identified with several codes and names due to product sales, co-development between companies, company mergers and acquisitions or definition of an international nonproprietary name. The list of discussed molecules includes 58 peptides in different clinical phases: 13 entered the Phase 1, 26 are in Phase 2, 15 are in Phase 3, while four are close to approval being the new drug application (NDA) already submitted to regulatory authorities (Figure 1). A striking difference in respect to the past is the increased number of amino acids, being the number of peptides with 20–40 residues prevailing on shorter peptides (26 vs 21) among the disclosed structures (47 of 58). However, this number should be even higher, considering that nine undisclosed structure are in diabetes and obesity segment, were peptides are typically longer than 20 AA.
[image: Figure 1]FIGURE 1 | Clinical status of peptide with protein-protein interaction properties.
With the only exception of two peptides, GT001 and Elsiglutide, that are produced through recombinant technology, all the other compounds with disclosed sequence are synthetically produced, commonly via solid phase approach (SPPS). In this context, many groups worldwide are targeting green innovative techniques (Lawrenson et al., 2017; Ferrazzano et al., 2019; Nuijens et al., 2019; Martin P. et al., 2020). As for the pathologies, diabetes, obesity, cancer and related pathologies are the major areas of interest.
Polypeptides have been classified according to Lau/Dunn definition (Lau and Dunn, 2018): native peptides have the same sequence of endogenous ligand, while analogous are products where the natural sequence has been modified in order to achieve a better pharmacological profile. Heterologous peptides have been discovered independently respect to the natural ligand and are based on a more classical medicinal chemistry approach (Figure 2). It is worth to notice that native peptides and their analogues represent more than 70% of the PPI targeting peptides in clinical trials, being in particular, the analogue ones accounting for 60% of the pipeline. The peptides have been discussed on the basis of the target pathology and, besides the clinical trial stage, the route of administration (RoA), as a symptom of peptide pharmacokinetic properties, has been considered (Figure 3).
[image: Figure 2]FIGURE 2 | Classification of discussed peptides according to Lau/Dunn classification.
[image: Figure 3]FIGURE 3 | Classification of discussed peptides on the basis of RoA.
CANCER AND RELATED PATHOLOGIES
The role of PPI in the development of tumors is strictly connected to protein-mediated signalling processes, able to activate several biological networks related to tumorigenesis, progression, invasion, and metastasis. For this reason, introducing perturbations in PPI represents an efficient strategy for interrupting cancer-related phenomena. Looking at different tumor phenotypes, specific proteins undergo modifications in their interaction pattern when they become part of carcinogenic phenomenology, with important effects on a patient’ state of health. Depending on the tumor localization, it is possible to target different candidate proteins, generally transmembrane receptors or releasing hormone receptors, with theranostic performances useful in understanding cancer progression and improving treatment efficacy (Gulfidan et al., 2020).
Concerning the role of transmembrane receptors in cancer development, Dolcanatide was designed for the treatment of inflammatory bowel disease and functional gastrointestinal disorders to prevent colon cancer. In fact, cells belonging to intestinal epithelium are responsible for controlling toxic pathogens’ efflux through the digestive apparatus and transport of nutrients, fluids, and bacterial flora (Rappaport and Waldman, 2018). To maintain homeostatic control of these processes the intestinal epithelial receptor, guanylate cyclase C (GUCY2C), and its cyclic nucleotide second messenger, cyclic guanosine monophosphate (cGMP), play a critical role. This heterodimeric transmembrane receptor can be activated by endogenous extracellular peptide ligands or other signalling agents, such as Ca2+ and nitric oxide (Boulete et al., 2018). Known ligands for GUCY2C receptor are the bacterial heat-stable enterotoxin, ST (cause of traveller’s diarrhea), and the endogenous peptides, uroguanylin and guanylin. Dolcanatide was designed to be an analogue of uroguanylin with enhanced resistance to standard digestive breakdown by proteases in the intestine as consequence of the presence of a disulfide bridge. The peptide sequence differs from uroguanylin for the substitution of Asp with Glu at the 3-position at the N-terminus, for greater binding affinity, and for L-Asn1 and L-Leu16 replaced by D-Asn1 and D-Leu16 at the N- and C-termini, respectively, which are thought to provide enhanced biostability (Shailubhai et al., 2015). Dolcanatide is supposed to bind GUCY2C similarly to uroguanylin and the other known endogenous ligands, via the NH2-terminal β-hairpin, by providing the third strand of a small triple-stranded antiparallel β-sheet (Lauber et al., 2003).
Similarly, BBT-401 (structure undisclosed) is an orally available Pellino-1 protein-protein interaction inhibitor for the treatment of patients affected by ulcerative colitis. This lipidated tetrapeptide binds Pellino-1 protein, interfering in its signalling cascade. BBT-401 efficiently inhibited the lipopolysaccharide-induced activation of the toll-like receptor proinflammatory signalling pathway, reducing proinflammatory cytokine expression as well. Studies on animal models showed that BBT-401 administration in colitis significantly improved symptoms and histopathological parameters associated to the disorder, and direct colon administration enhances considerably the therapeutic efficacy (Lee et al., 2019).
Interfering on surface receptors functions seems to be particularly relevant for solid and metastatic tumor progression. Foxy-5 is a formylated WNT5A-derived six amino acid peptide, recently used in a Phase 1 trial in patients with metastatic breast, colon and prostate cancer and in a Phase 2 trial for early stage colon cancer. Its model protein, WNT5A, is a member of the Wnt protein family, which plays important roles in several physiological phenomena, like organ development, tissue orientation, cell polarity and migration. Its dysregulation has been associated with progression of various diseases as a consequence of its tumor-suppressive function in colon cancer, neuroblastoma, breast carcinomas, and leukemia (Säfholm et al., 2008; Canesin et al., 2017). In this contest, Foxy-5 has been characterized as a WNT5A-mimicking peptide, since it acts by triggering cytosolic free calcium signalling and by impairing migration and invasion of epithelial cancer cells. In silico prediction suggests that Foxy-5 could adopt in solution a short loop and alpha helical structure, a motif quite common in protein-protein interactions. In the structure of the full-length native protein, this segment is solvent exposed and could be involved in macromolecular interactions. Foxy-5 seems to be part of an exosite, expected to be critical for the interactions of WNT-5A with receptors and be part of a dimerization site (Figure 4, Villoutreix, 2017).
[image: Figure 4]FIGURE 4 | Structural prediction of human WNT-5A and Foxy-5 conformation (Villoutreix, 2017).
VT1021 is a cyclic pentapeptide developed by Vigeo Therapeutics whose structure is still undisclosed. It acts as a potent inducer of thrombospondin-1 (Tsp-1) expression in the tumor microenvironment (TME), which is then totally reprogrammed to reduce its immune-suppressive and tumor-promoting propensity, promoting instead the activation of the adaptive immune system and its tumor-inhibiting inclination (Harb et al., 2019). VT-1021 is at Phase 1 of clinical trials for the treatment of solid tumor since, in preclinical animal models, it showed robust anti-tumor activities on ovarian, pancreatic and breast cancer, with complete tumor regression and reprogramming of the immune TME.
Balixafortide is another good example of a potent and selective antagonist of the chemokine receptor CXCR4, which belongs to the transmembrane receptor family of G-coupled protein receptors (GPCR). This protein is largely expressed in several tumors type, including expression by cells of immune system in carcinogenic tissues. The role of CXCR4 in metastatic phenomena is particularly relevant, since this protein allows cancer cells to migrate to other sites where its natural ligand CXCL12 is expressed, like in the bone marrow of patients affected by breast cancer (Zimmermann et al., 2019). This evidence justifies the application of Balixafortide, in combination with eribulin, in Phase 3 trial for metastatic breast cancer and in a more recent Phase 1 trial for a dose-escalation study (Kaufmann et al., 2020).
In cancer progression and tumorigenesis, interleukin dysregulation has an important role, and its upregulation seems to be associated with many tumors. For this reason, controlling its functions is advantageous for blocking cancer development. BNZ132-1-40 is a 19-mer pegylated peptide belonging to the anticytokine peptide family, active selectively on IL-15, IL-2 and IL-9, which drives T-cell mediated diseases including T-cell large granular lymphocyte leukemia (T-LGLL) and HTLV-1 driven adult T-cell leukemia (ATL) (Massoud et al., 2015; Wang et al., 2019). The peptide structure with helical conformation is responsible for the direct binding to γc receptor, present in all the above-mentioned cytokines which are fundamental for leukemia survival and lack of strong active therapies. Furthermore, the presence of a PEG-chain was required to increase the peptide half-life. The selectivity of BNZ132-1-40 for Tregs, CD8+ T and NK cells was confirmed by the absence of adverse effects on other immune cells and the tolerance showed by healthy subjects reported in a recent Phase 1 clinical trial (Nata et al., 2015).
ALM-201, that is a 23-mer peptide drug candidate, is a synthetic derivative of AD-01, a 24-mer peptide containing the sequence 34-58 of FK506-binding protein like (FKBPL). This protein, that showed prognostic potential in breast cancer, can be classified both as extracellular and intracellular protein: in the first case, it acts as a secreted anti-angiogenic protein targeting cell surface receptor CD44, upregulated in carcinogenic scenario, while intracellularly FKBPL shows a prognostic activity for breast cancer survival. As a consequence, FKBPL is involved in many cellular processes like cell cycle progression, signalling and differentiation (Annett et al., 2020). ALM201, like other FKBPL derivatives, inhibits breast cancer metastasis through Notch signalling, showing excellent safety profile in Phase 1 clinical trials, when applied for the treatment of ovarian cancer and solid tumor (McClements et al., 2019).
In some cases, the complexity of cancer physiopathology does not allow to clearly identify a single target protein to control cancer progression, even if efficient drug treatments can be applied. As an example, Fexapotide triflutate is a 17-mer peptide in clinical development for prostate cancer and hyperplasia. Even if its mechanism of action remains partially undisclosed, it is known that Fexapotide works stimulating several protein pathways, like caspase, tumor necrosis factor and BCL pathways in prostate glandular epithelial cells. It induces selective cell membrane permeability, mitochondrial metabolic arrest and reduces RNA, DNA lysis and aggregation, with subsequent cell fragmentation and loss, causing decompression of the urethral lumen (Shore et al., 2018). Studies on animal models revealed that Fexapotide direct injection in injured tissues, like bladder, urethra, rectum, periprostatic tissue, leaves unaffected adjacent tissues. For all these evidences, it reached Phase 3 in clinical trials for urinary-related pathologies.
Similarly, Tyroserleutide (YSL) is a tripeptide compound active on primary hepatocellular carcinoma, in Phase 3 of clinical trials. This short peptide, which showed very high activity and few side-effects, was originally purified from the hydrolysates of pig’s spleen, but now obtained through chemical synthesis. To carry out its antitumor activity, YSL involves the second messenger Ca2+, which is able to modulate cell function by Ca2+/calmodulin (CaM) pathway. In addition, CaM associates with phosphatidylinositol three kinase (PI3K), enhancing its activity and promoting upregulated cell proliferation (Zhao et al., 2008).
For the treatment of cancer types associated with the functioning of endocrine systems or for controlling side-effects related to other chemotherapeutic treatments, hormone receptors release appears a good targeting strategy to control and stop tumor escalation. Elsiglutide, a selective glucagon-like peptide of type 2 (GLP-2) derivative, was developed as adjuvant to chemotherapy to reduce induced diarrhoea. This new synthetic versions of GLP-2 and elsiglutide show longer half-life, reducing the frequency of administration. (Mayo et al., 2020). The peptide completed successfully a Phase 2 clinical trial.
Ozarelix is a fourth generation Luteinizing Hormone-Releasing Hormone (LHRH) antagonist acting on Gonadotropin-releasing hormone (GnRH) receptor, which controls the secretion of luteinizing and follicle-stimulating hormone from the anterior pituitary gland. As other LHRH analogues, it is a 10-mer peptide with several D-amino acids and bulky residues (in particular in position 6) to enhance stability against proteolysis. Gonadotropin-releasing hormone is a decapeptide (EHWSYGLRPG), displaying an N-terminal trimeric fragment responsible for agonist activity and a C-terminal trimer necessary for affinity to the receptor. Since the predominant bioactive conformer consists of a β-turn, where the two terminals are close together, analogues have been generally designed by replacing the central glycine in position 6 with residues able to stabilize the requested turn (Flanagan and Manilall, 2017). At first, Ozarelix was designed to stimulate secretion of gonadotropins, but continuous evidence demonstrates a decrease of pituitary hormone secretion, as a consequence of gonadotrophic cells desensitization and down-regulation of pituitary receptors (Festuccia et al., 2010). In fact, as GnRH antagonists, Ozarelix induces reduction in gonadotropin levels by inhibition of their secretion from the anterior pituitary gland. Ozarelix completed Phase 2 of clinical trials for the treatment of prostate cancer, showing higher solubility, definitive suppression of testosterone and any risk of clinical flare if compared to other antagonists (Schneider et al., 2010).
EP-100 is a synthetic LHRH natural ligand derivative made up 28 amino acid, 18 of which belong to the cationic α-helical lytic peptide (CLIP-71). Luteinizing-hormone-releasing hormone (LHRH) receptors overexpression has been found in several tumor types, like prostate, breast, ovarian, endometrial, pancreatic, bladder, colorectal, melanoma and non-Hodgkin lymphoma. For this reason, it has been selected as privileged target for treatment of solid and ovarian tumors, where EP-100 is in Phase 1 and 2 of clinical trials, respectively. LHRH sequence (HWSYGLRP) is responsible for the delivery of the lytic peptide to cancer cells via specific binding to the receptor LHRH on cell-surface receptors. The mode of action of EP-100 is not completely known. In fact, the negatively charged outer membrane of cancer cells determines the high selectivity of this peptide for carcinogenic tissues: after binding of LHRH targeting sequence, the positively charged portion of EP-100 interacts with the outer membrane of cancer cells in a disruptive manner, causing cell lysis and death (Curtis et al., 2014; Kim et al., 2020).
INFLAMMATION AND AUTOIMMUNE RESPONSE
Inflammation and autoimmune responses are essentials body’s defence mechanisms. They are the processes by which the immune system recognizes and removes harmful and foreign stimuli and begins the healing processes (Pahwa et al., 2021). However, when an adaptive immune response develops against self-antigens or there is an upregulated recruitment of pro-inflammatory molecules, it is usually impossible for immune effector mechanisms to completely eliminate the antigen/pro-inflammatory molecules, and therefore a sustained response occurs (Janeway et al., 2001). In this perspective, peptide-based treatments able to interfere with the dysregulated body’s defence were developed.
Forigerimod (ImmuPharma, 2019) is a synthetic 21-mer linear peptide, phosphorylated in correspondence of Ser11 position, produced by ImmuPharma and designed from the small nuclear ribonucleoprotein U1-70 (Zimmer et al., 2013). As suggested by its commercial name, Lupuzor™ is employed for the treatment of Systemic Lupus Erythematosus (SLE), a chronic, life-threatening autoimmune, inflammatory disease affecting multiple organs such as skin, joints, kidneys, blood cells, brain, heart and lungs. Due to the high relevance of this pathology, Lupuzor™ received fast-track designation from the FDA, which expedites the drug’s approval process (ImmuPharma, 2021). Currently, the mechanism of action of Lupuzor™ has not been fully elucidated; however, several studies have shown that it displays tolerogenic and immunomodulatory effects leading to the inhibition of T cells’ reactivity in presence of endogenous peptides.
On the other hand, for the treatment of Systemic Inflammatory Response Syndrome (SIRS) the intravenous infusion of EA-230, a synthetic 4-mer linear peptide produced by Exponential Biotherapies, is currently under investigation (Phase 2). The sequence was designed on the basis of the β-loop contained in the β subunit of the endogenous peptide human Chorionic Gonadotropin (hCG) (van den Berg et al., 2011). The SIRS pathology is caused by an upstream of pro-inflammatory agents (such as IL-6) and this dysregulated inflammatory response often results in tissue damage, failure of one or more organ systems, and high mortality. Even though the mechanism of action EA-230 is still unclear, biological evidence have demonstrated how changes of the hormonal milieu play a central role in the anti-inflammatory response (van Groenendael et al., 2019).
Another peptide employed to cure inflammation diseases is Difelikefalin acetate, a synthetic 5-mer linear D-peptide produced by Cara Therapeutics and designed starting from the sequence of the endogenous peptide Dinorphin A. As such, Difelikefalin acetate is an agonist of κ-opioid receptor (KOR) for the treatment of Chronic kidney disease-associated pruritus (CKD-aP), or uremic pruritus, and it has completed Phase 3 clinical trials in 2020 (Fishbane et al., 2020). CKD-aP is a severely distressing condition that occurs in more than 60% of patients undergoing dialysis and, even if the pathogenesis is still incompletely understood, opioid imbalance has been identified as a possible reason of the arise of this pathology (Lipman and Yosipovitch, 2020). Due to the ubiquitous nature of KOR (in peripheral and central nervous system), Difelikefalin acetate was designed as a selective agonist, avoiding the penetration into the CNS that aims to provide the benefits of minimizing itch through activation of the anti-pruritic KOR system without causing CNS side effects.
Moving to inflammation affecting the respiratory system, it is possible to mention the LSALT peptide, a synthetic 16-mer linear peptide developed by Arch Biopartners and still ongoing in Phase 2 clinical trials (Arch Biopartners, 2021) for the treatment of Acute Respiratory Distress Syndrome (ARDS). A hallmark feature of this inflammation is the recruitment of neutrophils from the bloodstream into inflamed tissue (Choudhury et al., 2019). In this context, dipeptidase-1 DPEP1, an anchored membrane protein, has been identified as the major adhesion receptor on the lung and liver endothelium for neutrophil sequestration, independently from its enzymatic activity. As a consequence, the inappropriate recruitment of neutrophils to various organs contributes to multi-organ dysfunction (such as pulmonary dysfunction). In order to prevent this healthy disfunctions, several experimental models have highlighted that LSALT peptide binds to DPEP-1 not inhibiting its enzymatic activity but preventing the neutrophils sequestration and the inflammation response.
Remaining within the ARDS treatment, Avipdtadil is a synthetic 28-mer linear peptide developed by NeuroRX and Relief Therapeutics Holding, designed starting from endogenous Vasoactive Intestinal Peptide (VIP) structure. This endogenous protein is involved in the development of pulmonary hypertension (PH), a progressive vascular disease caused by vasoconstriction and structural remodeling of arterioles, leading to dyspnea, fatigue, cough, chest pain, palpitations, peripheral edema, syncope, right heart failure, and death. Moreover, without treatment, PH can evolve in ARDS halving the survival rate within 5 years (Hu et al., 2015). As VIP analogue, Aviptadil through binding to G-protein coupled receptors (VPAC1, VPAC2 and PAC1) induces pulmonary vasodilation and shows anti-inflammatory properties. In fact, Aviptadil aerosol is still ongoing in Phase 2/3 for the treatment of ARDS leading to a small and temporary but significant selective pulmonary vasodilation, an to an improved stroke volume and mixed venous oxygen saturation (Leuchte et al., 2008).
Larazotide, a 9 m Biopharma’s investigation drug (9 Meters Biopharma Inc., 2021), is the only therapeutic candidate for celiac disease adjuvant therapy, advanced to a Phase 3 clinical trial, that minimizes symptoms in tandem with gluten free diet. This octapeptide derives from the Zonula Occludens toxin secreted by Vibrio cholerae and it is an antagonist of zonulin, the only known physiological modulator of the intercellular tight junctions and a key player in regulation of the mucosal immune response in small intestine (Heickman et al., 2020).
Moving to more specific areas of the body, the treatment of the hearing and ocular inflammations is particularly interesting. Brimapitide is a synthetic dextrogyre 31-mer linear peptide developed by Auris Medical and designed from a combination of a 20-mer sequence of protein islet-brain 1 (IB-1) and 10-mer trans-activator of transcription sequence (TAT) of the HIVTAT protein, which allows its intracellular penetration. Its similarity with IB-1 makes this peptide a selective inhibitor of c-Jun N-terminal Kinase (JNK), a ubiquitous intracellular enzyme. (Chiquet et al., 2017). Its inhibition prevents formation of transcription complexes and further progress along the apoptotic pathway or activation of genes, which are encoding inflammatory molecules (such as cytokines). For this reason, Brimapitide is under investigation (Phase 3 clinical trials) for the treatment of acute sensorineural hearing loss (ASNHL) and ocular inflammation as biocompatible intratympanic hyaluronic acid gel and ophthalmic solution, respectively (Suckfuell et al., 2014).
Regarding the treatment of ocular inflammation, it is worth to mention Timbetasin, a synthetic 43-mer linear peptide produced by RegeneRX Biopharmaceuticals which behaves as analogue of the endogenous peptide Thymosin β4 from which it differs in the N-terminus acetylation. As such, Timbetasin is involved in the treatment of moderate to severe dry eye disease, thanks to its anti-inflammatory effect. Dry eye is a chronic ocular surface disease, causing visual morbidity that affects the quality of life, and it’s associated with an increase in the levels of inflammatory cytokines in both the conjunctiva and tears (Sosne et al., 2015). Generally, endogenous Thymosin β4 promotes wound repair and regeneration in the skin, eye, heart, and nervous system in various animal models; moreover, it is known to modulate the expression of multiple signalling molecules, playing a role in the downregulation of transcription factors for inflammatory chemokines, cytokines, and metalloproteinases (Sosne and Ousler, 2015). For this reason, the topical supplementary administration as eye drop solution of Timbetasin is currently under investigation (Phase 3 clinical trials) for the promotion ocular surface healing, increase corneal epithelial cell migration, and decrease corneal pro-inflammatory cytokine levels.
Finally, for the treatment of inflammation of bone tissue, TPX-100, a synthetic 23-mer peptide which structure is currently undisclosed, is under investigation (OrthoTrophix, 2021). This peptide is produced by OrthoTrophix and designed starting from Matrix Extracellular Phosphoglycoprotein (MEPE), a protein belonging to the family of Small Integrin-Binding Ligand N-linked Glycoproteins (SIBLING) (McGuire et al., 2018). Evidence shows that these proteins play key roles in the mineralization of bones and dentin without a clear knowledge of the mechanism of action. It has been shown that the bone shape of the knee undergoes unidirectional and irreversible change over time, with a much greater rate of change in osteoarthritic knees than in normal ones (OrthoTrophix, 2021). Such accelerated bone shape mutation starts much earlier than cartilage degeneration and appears to be the most reliable structural marker, to date, for onset of osteoarthritis (OA). Even if the mechanism of action is still undisclosed, TPX-100 has completed Phase 2 clinical trial for the treatment of the knee osteoarthritis, inducing the regeneration of normal tibiofemoral hyaline cartilage and highlighting a statistically significant correlation between stabilization of tibiofemoral cartilage and critical knee functions.
GENETIC AND HORMONAL DISEASES
Genetic disorders can be caused by a mutation in one gene (monogenic disorder), by mutations in multiple genes (multifactorial inheritance disorder), by a combination of gene mutations and environmental factors, or by damage to chromosomes (National Human Genome Research Institute NHGRI, 2021). On the other hand, hormonal disorders may result from a problem in the glands themself, or because the hypothalamic-pituitary axis (interplay of hormonal signals between the hypothalamus and the pituitary gland) provides too much or too little stimulations (Emanuele and Emanuele, 1997). In this context, peptide-based treatments can be employed both as complementary supply of the lacking endogenous molecules (genetic disorders) or/and as interfering agents on the mechanisms responsible for their dysregulated production (hormonal disorders).
HTL0030310 is a new synthetic peptide produced by Sosei Heptares which has recently completed Phase 1 of clinical trials for the evaluation of its safety and tolerability towards healthy subjects. Even though HTL0030310 structure is still undisclosed, Sosei Heptares designed this peptide as a selective SSTR5 (somatostatin 5) receptor agonist to treat endocrine disorders (Sosei Heptares, 2019) modulating the excess release of hormones from adenomas (benign tumors) of the pituitary gland. Highly elevated plasma levels of pituitary hormones result in a number of serious disorders including Cushing’s Disease, a debilitating endocrine disorder caused by the overproduction of the hormone cortisol.
On the other hand, Vosoritide is a synthetic 39-mer cyclic peptide produced by BioMarin Pharmaceutical and currently in Phase 3 of clinical trials for the treatment of achondroplasia, the most common form of disproportionate short stature in humans (Savarirayan et al., 2020). This condition is caused by an autosomal dominant mutation in the fibroblast growth factor receptor 3 (FGFR3), a gene that constitutively activates the mitogen-activated protein kinase (MAPK), which inhibits endochondral ossification (Savarirayan et al., 2019). Since C-type natriuretic peptide (CNP) and its receptor, natriuretic peptide receptor 2 (NPR2), are potent stimulators of endochondral ossification, it was observed that a continuous intravenous infusion of exogenous C-type natriuretic peptide restores the impaired bone growth. Vosoritide was designed as a cyclic analogue of C-type natriuretic peptide in order to increase the half-life in comparison with its endogenous form.
DIABETES, OBESITY, SHORT BOWEL SYNDROME AND HYPERINSULINEMIA, THE PROGLUCAGON LEGACY
Over the last decades, a series of synthetic peptides derived from the gut endocrine system were identified as promising treatments for metabolic diseases such as Type 2 Diabetes Mellitus (T2DM) and obesity. These pathologies still remain global health problems in continuous increase, known to reduce quality of life and to lead to serious complications (Bastin and Andreeli, 2019). The therapy of T2DM involves agents targeting body weight and simultaneously maintaining blood glucose control.
The main synthetic therapeutic peptides have been designed by mimicking the sequences deriving from the pro-hormone proglucagon metabolic cleavage. This 158-mer small protein is submitted in pancreas, gut and central nervous system to specific posttranslational processing by prohormone convertase enzymes, leading to the generation of shorter fragments (Figure 5). Among them, glicentin-related pancreatic peptide (GRPP), glucagon, intervening peptide-1 (IP-1) and intervening peptide-2(IP-2), major proglucagon fragment (MPGF), oxyntomodulin (OXM), glucagon-like peptide-1 (GLP-1) and glucagon-like peptide-2 (GLP-2) have a prominent role in glucose control, energy balance and gut homeostasis and were hence proposed as models for drug design (Lafferty et al., 2021).
[image: Figure 5]FIGURE 5 | Tissue-specific proglucagon cleavage.
Glucagon Like Peptide-1 Receptor Targeting Peptides
One of the main biological targets for pharmaceutical action is the Glucagon like peptide-1 receptor (GLP-1R), a class BG-protein coupled receptor (GPCR), which is deeply involved in insulin secretion and homeostasis. Like other G-proteins, the GLP-1R is characterized by the seven transmembrane α-helices separated by three intracellular and three extracellular loops.
The GLP-1R activation is related to the secretion of glucagon like peptide 1 (GLP-1), an incretin glucoregulatory peptide released in the gut after food intakes. GLP-1 exists in two forms: GLP-1(7-37) and GLP-1(7-36) amide, with the latter being more abundant in circulation after eating. These peptides, interacting with GLP-1R, enhance the insulin secretion and normalize the glucose levels through the receptor signalling, via cyclic adenosine monophosphate (cAMP) production (Druker and Nauck, 2006). When the regulatory effect is complete, the GLP-1 is inactivated by proteolysis. Over this main effect, GLP-1 and its agonists can reduce the glucagon secretion, slow the gastric transit and decrease the energy consumption extending the effects on treatment of obesity. The key role of the GLP-1R/GLP-1 system is reflected by the efforts recently made in developing efficient GLP-1R peptide agonists for pharmacological treatment of T2DM (Sloop et al., 2018).
A great advance in the field was reached with the discovery of exendin-4 in the venom of the Gila monster lizard. Exendin-4 (or Exenatide, as it has been called its synthetic form) is a 39-mer peptide resistant to dipeptidyl peptidase 4 (DPP-4), which shows a better pharmacokinetic than GLP-1 thanks to a Gly2 residue in its sequence. Exenatide was approved by FDA in 2005 and is dosed as a twice daily injection (Donnelly, 2012). Currently the best in class drugs for T2DM and obesity are liraglutide and more recently the orally disposable semaglutide. These two molecules foster the research for better GLP-1 analogues with improved pharmacological profile.
Following these therapeutic needs, further modifications of the exenatide sequence led to slow-release compounds: an example is PB-119, a polyethylene glycosylated exenatide developed by PegBio and obtained by modification of a single amino acid in exenatide, replacing Ser39with Cys (Min Xu et al., 2019). Even if the mechanism of action is identical to that of Exenatide, the PEGylation on the analogue PB-119 reduces the excretion rate in the kidneys, and its increased molecular weight causes steric hindrance toward DPP-4, prolonging the half-life and allowing one weekly subcutaneous injection dose regimen (Cui et al., 2020). The same concept of improved pharmacokinetic and resistance to DPP-4 was declined also by Jiangsu Hansoh Pharmaceutical through the development of the GLP-1R agonist Noiiglutide, a 40-mer exenatide analogue, currently in Phase 2 trials as subcutaneous injectable agent. Structurally, the presence of an unnatural Aib (α-amino isobutyric acid) residue in position two should guarantee a better resistance toward enzymatic hydrolysis while the condensation with palmitic acid on Lys1-ξ-NH2 enhances the hydrophilicity (Wang et al., 2012).
The GLP-1R agonist roster includes also G3215 (structure undisclosed), developed by Imperial College, that completed its Phase 1 trials in 2019 (Serrano et al., 2017).
As above described, GLP-1R agonist peptides are receiving an increasing interest, with several agents advancing the clinical phases. In comparison, less efforts have been focused on studying GLP-1R antagonists. Nevertheless, Eiger BioPharmaceuticals is developing Avexitide for treating post-bariatric hypoglycemia (PBH), a form of hyperinsulinemic hypoglycemia (HH), as a new liquid formulation of Exendin 9−39 intended for subcutaneous injection administration. PBH is a rare disease without approved pharmacotherapy, caused by abnormal growth in insulin secretion, which is attributed to exaggerated postprandial secretion and to the large increase in meal induced GLP-1 release (Craig, 2020). Therefore, GLP-1R antagonism could represent a potential therapeutic strategy for managing this condition. Avexitide is a 31-mer peptide that selectively targets and blocks GLP-1R, normalizing insulin secretion and thus decreasing postprandial hypoglycemia. Data released from a recent Phase 2 clinical trial showed that Avexitide produced consistent improvements in the incidence of hypoglycemia maintaining a good tolerability profile (Suzuki et al., 2020).
Glucagon Like Peptide-1 Receptor/GPCR Glucagon Receptor Targeting Peptides
The clinical success of GLP-1R agonist peptides has prompted the search for agents that could combine the benefits of GLP-1 with those of other key gut hormones, in order to target multiple signalling pathways with a single molecular entity. Moreover, this emerging dual pharmacological approach may lead to increased metabolic action compared to monotherapies, and a number of these candidates are being evaluated in clinical trials (Bastin et al., 2019).
Glucose homeostasis is regulated by the combinatorial action of insulin and glucagon. While insulin and its therapeutic applications were widely studied, the glucagon hormone, secreted by the pancreatic α-cells, has been receiving attention only in the last decades. Its main action consists in a counter-regulatory effect toward insulin, inducing hepatic glycogenolysis and gluconeogenesis by targeting the class B GPCR glucagon receptor (GCGR) (Herr, 2012). The use of native glucagon in the therapeutic approach to hypoglycaemia is not easily practicable (Patil et al., 2020) for its very low stability in physiological formulations and its consequent high tendency to aggregate in few hours, after reconstitution (Hӧvelmann et al., 2018). Thus, the development of new analogues/agonists of the native glucagon peptide is necessary in treatment of hypoglycaemia. Zealand Pharma developed, Dasiglucagon (NDA) which will be launched on the market in the first trimester of 2021 as Zegalogue®, a ready-to-use formulation administered by single-injection pen applicator. To avoid aggregation problems and fibril formations and to render it physically and chemically stable in aqueous solution, Dasiglucagon was designed introducing seven substitutions in the 29 amino acid sequence of the native glucagon, with the insertion of an Aib residue (Pieber et al., 2020).
On the other hand, glucagon enhances energy consumption and acts as food intake regulator, making its analogues also interesting for glucose regulation in T2DM and obesity (Suzuki et al., 2020). GLP-1 and glucagon have a high sequence homology: this aspect encouraged the development of multiple molecules with an integrate pharmacological profile targeting both GLP-1R and GCGR in a dual-agonism mechanism, where glycaemia and weight control are accompanied by adipose tissue lipolysis and appetite suppression (Capozzi et al., 2018). The native gut hormone peptide Oxyntomodulin (OXM), secreted after food ingestion, exhibits an antidiabetic effect and drives weight loss acting on appetite and satiety by activating both GLP-1R and GCGR, even if showing lower activity compared to GLP-1 and glucagon alone. Thus, oxyntomodulin has been chosen as a model for the development of GLP-1R/GCGR dual agonists.
Within this class, Pegapamodutide (OPK880033), by OPKO Health, completed phase 2 for once-weekly administration in treatment of T2DM. This drug candidate consists in a PEGylated analogue of OXM and displays a long action since the presence of two PEG moieties on Cys38and Cys39 prevents enzymatic degradation (Sheetz et al., 2017) The resistance toward DPP-4 is also provided by the presence of two un-natural Aib residues along the sequence. In particular, Aib2 enhances potency and selectivity at the GLP1-R. (Connop et al., 2020).
In addition, MedImmune, a subsidiary of AstraZeneca, is developing Cotadutide (MEDI0382), presently in Phase 2 as once-daily, subcutaneous therapy, to treat overweight or obese patients with T2DM. This novel dual GLP-1R/GCGR agonist was designed to improve glycaemic control and to facilitate weight loss through combined effects on appetite and energy expenditure (Ambery et al., 2018). Structurally, MEDI0382 is a 30-mer synthetic linear peptide, designed as OXM analogue, wherein the sequence of oxyntomodulin has been C-terminally depleted of seven residues, while seven of the remaining amino acids have been changed. Its extended half-life was achieved by enhancing stability to peptidase degradation: Gln20 and Gln24 were replaced with residues not susceptible to deamidation, whilst Arg17 was substituted with Glu to decrease proteolysis. Moreover, the insertion of a palmitic acid side chain at Lys10 through a γ-glutamate moiety promoted its reversible binding to albumin (Henderson et al., 2016). In such a way, this degradation resistant peptide is able to exert an optimally balanced dual agonism, inducing in clinical trials’ patients an observed weight loss greater than that observed with GLP-1R alone.
Another long-acting GLP-1R/GCGR dual agonist, BI456906, is being developed by Zealand Pharma in collaboration with Boehringer Ingelheim. This peptide is an analogue of the natural OXM and is being investigated in Phase 2 for T2DM and obesity, (Zealand Pharma, 2020). Efficacy of BI456906 as a treatment for non-alcoholic steatohepatitis (NASH), the most severe form of non-alcoholic fatty liver disease (NAFLD), is also expected, due to the emerging successful approach for this pathology using dual GLP-1R/GCGR agonists.
In this field, ALT-801 emerged as a novel peptide-based dual GLP-1R/GCGR agonist designed by AltImmune to treat the obesity and metabolic dysfunction caused by NASH. As observed in a preclinical model of the disease, ALT-801 induced significant weight loss compared to semaglutide, and accordingly the company recently announced the beginning of a Phase 1 clinical trial.
Its structure is based on a 29-mer sequence partially mimicking both GLP-1 for an improved weight loss and glucagon for restoring metabolic functions (Nestor et al., 2021). The insertion of an Aib residue was meant to prevent the proteolytic degradation, while a EuPort™ liposaccharide surfactant, formed by a D-glucoside linked to a methylene C18 chain, was introduced on Lys17 side chain to improve gastrointestinal tolerability. In addition, Glu16 and Lys20 side chains were conjugated to create a lactam ring, designed as a helix stabilizer to increase potency. These structural features afforded a high serum albumin binding, leading to a suitable once-weekly subcutaneous administration in patients (AltImmune, 2019). Finally, LY3305677 (OXM3, IBI362) is an undisclosed peptide dual GLP-1R/GCGR agonist, reported by Ely Lilly as a third-generation analogue of Oxyntomodulin, that is currently under evaluation in Phase 2 clinical trials.
Glucagon Like Peptide-1 Receptor/GIPR Targeting Peptides
Another strategy to treat diabetes and obesity with dual active peptides is exploiting the agonism toward incretin receptors GLP-1R and GIPR. GIPR is the natural target of the native gut hormone glucose-dependent insulinotropic polypeptide (GIP), secreted by the K-cells after food intakes. This incretin peptide can stimulate insulin and glucagon secretion, like GLP-1, but with a weaker efficacy on the regulation of the insulinotropic effect. Studies on the receptor-ligand interaction pointed out the key role of the native peptide N-terminus in GIPR activation. This moiety interacts with a binding pocket in the transmembrane receptor, while the central residues bind to the extracellular domain of the receptor. Accordingly, a tuning of the N-terminal moiety could modulate the agonism or the antagonism of the peptide (Gasbjerg et al., 2018).
Therefore, the GIP agonism has been identified as a pharmaceutical strategy for the treatment of T2DM, even if it seems to be less relevant than GLP-1 agonism. Synthetic dual incretin receptor agonists, nicknamed “twincretins,” have been investigated in the last years, with a few candidates actually in clinical development. The most advanced GLP-1R/GIPR agonist is Tirzepatide (LY3298176) from Eli Lilly, currently in Phase 3 trials. Tirzepatide is formulated as a synthetic 39-mer linear peptide, sharing 19 residues with native GIP. The peptide sequence incorporates the amidated C-terminus and two non-natural Aib residues at positions 2 and 13. Moreover, the structure is conjugated to a 20-carbon fatty diacid moiety via a hydrophilic linker connected to the Lys20 residue. This strategy was designed to promote albumin binding, prolonging Tirzepatide half-life to approximately 5 days and thus enabling once-weekly subcutaneous dosing regimen (Coskun et al., 2018). In phase 1 and 2 clinical trials, Tirzepatide produced significantly improved clinical efficacy, safety and tolerability in glucose control and weight loss compared with the GLP-1 agonist dulaglutide. GIPR binding affinity resulted comparable to that of native GIP, while a GLP-1R affinity five times lower than that of native GLP-1 was observed (Min and Bain, 2021).
It is worth mention that also the dual agonist peptide SCO-094, developed by Scohia Pharma in partnership with Takeda Pharmaceuticals (Clemmensen et al., 2019) belongs to this class of drug candidates. This molecule is being tested in both long-acting and oral formulations in Phase 1 with wide potential applications comprising diabetes, obesity and NASH.
Finally, the dual agonist CT-868, developed by Carmot Therapeutics, will enter in Phase 2 in the first half of 2021 as a promising treatment for diabetes, obesity and NASH (Kim and Kim, 2020). CT-868 dual agonist candidate was discovered using the Chemotype Evolution technology, as a peptide-small molecule hybrid compound, able to mimic the native GLP-1 hormone (Carmot Therapeutics Pipeline, 2021).
On the basis of the promising results of dual targeting peptides, some ternary agonists concurrently targeting GLP-1, GCGR and GIPR have been developed. The peptide LY3437943 from Ely Lilly is the first member of this novel class of peptides, designed to be effective in T2DM and obesity treatment. The structure of this peptide is still undisclosed by the originator.
Y Receptor Type 2 Targeting Peptides
Other potential therapies for obesity and associate pathologies involve PYY and amylin agonists.
Peptide YY (PYY) is a gut hormone that is co-secreted from the entero-endocrine L cells, together with GLP-1 and oxyntomodulin, in response to feeding (Khoo and Tan, 2020). Although it exists in two major forms, the full length PYY1-36 and PYY3-36, the latest is the most commonly biologically active circulating form. PYY3-36 is a 34-mer peptide released postprandially by the gut. Its secretion activates appetite suppression and food intake decrease by acting, in the arcuate nucleus of the hypothalamus, on neuropeptide Y receptor type 2 (Y2R), a member of the neuropeptide Y receptor family that belongs to the GPCR family (Srivastava and Apovian, 2018).
Early clinical studies showed that PYY3–36 infusion in obese patients induced suppression of food intake with good tolerability, and limited side effects. Anyway, since native PYY short half-life (8 min) affects clinical stability, various approaches have been planned to increase its resistance to proteolytic inactivation (Will et al., 2017). In this context, alternative delivery of PYY is a challenge. Recently, Gila Therapeutics has developed GT-001, a PYY3–36 analogue that started Phase 1 trials with orally available sublingual formulation (Acosta et al., 2019). Novo Nordisk’s pipeline also includes a novel analogue of the appetite-regulating hormone PYY, namely PYY-1875, whose structure is still undisclosed. This peptide is currently in Phase 1 and is intended as subcutaneous injection for once-weekly treatment (Novo Nordisk, 2020).
Amylin is a 37-mer peptide hormone mainly produced in the pancreatic beta cells and co-secreted with insulin during a meal. Amylin has a well-established role as a satiety signal; it acts by reducing food intake and postprandial glucagon secretion via binding to human amylin receptors (AMY) in specific areas of the brain (Zakariassen et al., 2020). AMY subtypes are GPCR consisting of a calcitonin receptor (CTR) and one of three receptor activity-modifying proteins (RAMP). Because of their mechanism of action, amylin mimetics are novel targets of study as anti-obesity drugs and several approaches (PEGylation, glycosylation or albumin binding) have been explored to extend their half-life and reduce their administration frequency. Novo Nordisk is currently testing AM833 in phase 2 trial, a long-acting acylated analogue of the human amylin hormone, in once-weekly subcutaneous administration, AM833 has been evaluated in combination with the GLP-1 analogue semaglutide in a phase 1 clinical trial (Mathiesen et al., 2020).
Glucagon-Like Peptide-2 Receptor Targeting Peptides
Glucagon-like peptide-2 receptor (GLP-2R) is a GPCR superfamily member expressed in the gastrointestinal tract and, belonging to the family of seven trans-membrane receptors, it is closely related to GCGR and GLP-1R. Through binding to glucagon-like peptide-2 (GLP-2), GLP-2R directly inhibits apoptosis and increases intestinal growth by stimulating cell proliferation in response to ligand activation. GLP-2 is a 33-mer hormone released by the enteroendocrine intestinal L-cells in response to nutrient ingestion (Brubaker, 2018).
Although the mechanisms by which GLP-2 mediates its effects still remain not completely understood, it is an important regulator for stimulating intestinal growth, increasing absorption, promoting healing and maintaining epithelial integrity, in both normal humans and patients with intestinal failure consequent to massive intestinal resection (short bowel syndrome, SBS). Indeed, patients with SBS might have impaired postprandial GLP-2 secretion, which is instead required for optimal intestinal adaptation. The use of GLP-2 as a therapeutic agent is limited because of its very short circulating half-life (approximately 7 min) due to cleavage by DPP-4 (Hargrove et al., 2020). Consequently, pharmacologically active GLP-2 analogues with a longer half-life and reduced clearance are under development against SBS, including phase 3 agents Apraglutide (VectivBio) and Glepaglutide (Zealand Pharma).
Glepaglutide is a highly potent GLP-2R selective 39-mer peptide, with a long-acting effect and an effective plasma half-life of approximately 50 h, allowing a less-than-once daily administration. Furthermore, it offers a more convenient dosing form via a ready-to-use autoinjector device, which removes the requirement for reconstitution from lyophilized powder and allows the formation of a subcutaneous depot at the site of the injection, from which it could be slowly released into the circulation (Naimi et al., 2019). Glepaglutide differs from native GLP-2 through the insertion of a C-terminal tail consisting of six lysine residues that modify the charge state aiding solubility and physicochemical properties. The N-terminal region was optimized by changing five amino acids for improving pharmacokinetic and potency properties, and by replacing other four residues with alanine in an internal region, ending in a globally nine amino acid substitution.
Apraglutide is another highly selective, potent GLP-2R agonist peptide, composed by a 33 amino acid sequence, with a molecular structure designed to preserve optimal pharmacological activity while increasing the half-life compared to native GLP-2 or other GLP-2 analogues (Martchenko et al., 2020). Specifically, native GLP-2 was modified at positions 2, 10, 11 and 16 with Gly, Nle, D-Phe and Leu respectively, and with a C-terminal amidation. The few amino acid substitutions translate into a superior pharmacokinetic profile that results in an exceptionally low clearance and in a high plasma protein binding, thus enabling a long in vivo elimination half-life after subcutaneous administration (30 h), without necessity of conjugation or other peptide modifications. Moreover, Apraglutide displays a good stability against DPP-4, allowing the possibility for only once-to-twice weekly treatment (Slim et al., 2019).
The effect of the native GLP peptides was investigated in SBS patients either as a selective agonist (GLP-1R or GLP-2R) or as a dual GLP agonist combination therapy, with the latter imparting superior efficacy and better patient outcomes compared to each single agent alone (Suzuki et al., 2020). This rationale supported the use of dual GLP receptor co-agonism for the treatment of metabolic and gastrointestinal diseases, even if clinical studies are still awaiting to confirm the therapeutic efficacy of its combination. Following this approach, Zealand Pharma is currently developing Dapiglutide, previously referred to as ZP7570. Even if its structure is still undisclosed, the company announced that this molecule completed Phase 1 trials in 2020 and showed a good safety and tolerability profile in healthy volunteers together with a plasma half-life allowing for once-weekly dosing (Zealand Pharma, 2020).
CARDIOVASCULAR SYSTEM AND HYPERTENSION
Cardiovascular diseases (CVD) are among the leading causes of death worldwide, taking an estimated 17.9 million lives each year. According to the World Health Organization (WHO), four out of five CVD deaths are due to heart attacks and strokes, and one third of these deaths occurs prematurely in people under 7 years of age (WHO, 2021). In the last years, proteins and peptides with unique biological activity and metabolism have successfully caught the attention of researchers as an alternative treatment for cardiovascular and hypertension diseases and several are still under clinical study waiting to be approved.
Ularitide, an atrial peptide agonist, was developed by Cardiorentis, a private biopharmaceutical company, specialized in the treatment of cardiovascular diseases, as an intravenous treatment for acute heart and kidney failure, and has completed the Phase 3 in 2018 (Emani et al., 2015). Ularitide is the chemically synthesized form of urodilatin, a human endogenous natriuretic peptide produced in the kidneys with the aim to regulate fluid balance and sodium homeostasis. This 32-mer-containing peptide has the same sequence of the 28 amino acid-containing atrial natriuretic peptide (ANP), except for the addition of four amino acids at the N-terminal extension. The crystal structure of ANP bound to the receptor showed that the complex contains two NPR-A molecules bound with one molecule of ANP and, since the ANP molecule has no internal symmetry, binding to the receptor is asymmetric and occurs through two different binding sites present in each NPR-A monomer (Ogawa et al., 2004). Ularitide binds primarily to the extracellular domain of natriuretic peptide receptor-A (NPR-A) which is expressed in the heart, kidney and other organs and activates the intracellular guanylate cyclase domain of the receptor (Anker et al., 2015). Guanylate cyclases catalyze the conversion of guanosine 5′ -triphosphate to cyclic guanosine-3′, 5′ -monophosphate (cGMP) causing vasodilation through vasorelaxation of smooth muscle cells and natriuresis and diuresis through inhibition of sodium reabsorption.In the treatment of stroke-associated pathologies, cationic arginine-rich peptides (CARPs) represent a new emerging class of neuroprotective agents with multimodal cytoprotective actions. Among them, NA-1, originally named TAT-NR2B9, is a lead compound being developed by NoNO for the treatment of stroke, traumatic brain injuries and subarachnoid hemorrhage and is currently in Phase 3 clinical trial. NA-1 is a 20-mer peptide consisting in a sequence (KLSSIESDV) derived from the intracellular terminal carboxylic region of the N-methyl-D-aspartate (NMDA) receptor NR2B subunit protein, fused to the cationic arginine-rich cell penetrating peptide TAT (YGRKKRRQRRR), which facilitates the passage across the blood brain barrier (Ballarin and Tymianski 2018; Meloni et al., 2020). The NR2B9 9-mer peptide was selected to inhibit the postsynaptic density protein-95 (PSD95) adaptor protein, which binds to the NR2B subunit, and thereby blocks downstream cell signalling associated with overstimulation of the NMDA receptor.
CN-105, a small 5-mer apolipoprotein E (apoE) mimetic peptide, rich of arginine residues and deriving from the receptor binding region of apoE, is currently under development by AegisCN (formerly CereNova). This peptide is in Phase 2 for the treatment of hemorrhagic stroke and intracerebral hemorrhage. CN-105 has been developed based on the amino acids present in the parent neuroprotective peptide COG133, comprising the heparin binding and LDL receptor binding domains within the apoE (Meloni et al., 2020). ApoE is a multifunctional 299-mer protein that reduces neuroinflammation and mediates adaptive responses following ischemic and traumatic brain injury. However, the intact apoE holoprotein does not cross the blood-brain-barrier (BBB) limiting its therapeutic potential. CN-105 has the advantage of an increased CNS penetration and has demonstrated efficacy in experimental intracerebral hemorrhage, leading to an improvement of functional and histological outcomes after experimental ischemic stroke, and reducing microglial activation (Tu et al., 2017; Yeh et al., 2020).
The last peptide still in clinical trials for the treatment of cardiovascular disease through protein-protein interactions is Pemziviptadil (PB1046). PB1046 is a novel, subcutaneously injected vasoactive intestinal peptide (VIP) analogue, developed by PhaseBio Pharmaceutical that is currently tested in Phase 2 for the treatment of pulmonary arterial hypertension (PAH). VIP is a 28-mer peptide hormone that activates VPAC1 and VPAC2 receptors in the pulmonary vasculature and has been shown to relax pulmonary vascular smooth muscle, to neutralize pulmonary vasoconstrictors, and to inhibit cell proliferation (Chappe et al., 2014). The short half-life of VIP renders this peptide impractical as a pharmaceutical agent and modified versions of VIP are therefore needed to render the agent therapeutically useful (Sadeghi et al., 2015). PB1046 is 29-mer peptide linked to elastin-like polypeptide (ELP) biopolymer. The ELP component comprises structural peptide fragments that are related to the elastin protein. Such modified sequences are useful for improving important properties as absorption profile and circulating half-life (PhaseBio, 2020).
NEURODEGENERATIVE DISEASES
Neurodegenerative diseases are the result of a continuous process based on degenerative cell changes, which increasingly deteriorate over time. Aggregation of pathogenic proteins, mitochondrial dysfunction, oxidative stress, transcriptional dysfunction and apoptosis play an important role in the development of neurodegenerative disorders such as Parkinson’s disease (PD), Alzheimer’s disease (AD) and Amyotrophic lateral sclerosis (ALS) (Emerit et al., 2004). Up to now, no novel disease-modifying therapies have been shown to provide significant benefits for patients who suffer from these devastating disorders. Therefore, early diagnosis and the discovery of new drugs able to bind selectively specific targets are increasingly required on the market.
Davunetide (NAP, AL-108), is an intranasally administered, 8-mer peptide fragment deriving from the activity-dependent neuroprotective protein (ADNP), actually in Phase 1 for the treatment of progressive supranuclear palsy (PSP). Davunetide has preclinical evidence for neuroprotective, neurotrophic and cognitive protective properties by promoting microtubule stabilization. (Javitt et al., 2012). The protein tubulin, constituting the microtubule backbone, was shown to be the target of NAP, recently reported as an enhancer of the interaction between microtubules and microtubule associated proteins, and microtubule polymerization under conditions of zinc intoxication (Magen and Gozes, 2014). NAP has also been reported to reduce levels of neurotoxic and pro-inflammatory factors, such as nitric oxide (NO) and tumor necrosis factor (TNF) by blocking microglial activation. The microtubules end-binding (EB) proteins have been identified as the targets of NAP, through interaction of its SIP domain. The binding of davunetide to its receptor has been recently predicted using structural alignment of EB3 to EB1-EB3 complex with another peptide ligand (MACF) (Vaisburd et al., 2015)
NLY01 (Neuraly Inc.) is a pegylated long-acting analogue of exendin-4, (Yun et al., 2018). In the Phase 1 study, NLY01 was well-tolerated, and showed a half-life three times higher than shorter-acting GLP-1R agonists, which are often limited by side effects. In 2020 the approval of an investigational new drug application (IND) to initiate a Phase 2b clinical trial of NLY01 in patients with AD and a Phase 2 trial in patients with PD were announced.
In a previous study, it was shown that NLY01, through a favorable blood brain barrier penetration, binds upregulated GLP-1R, blocking pathological activation of microglia in animal models of neurodegenerative diseases, including Parkinson’s (Sterling et al., 2020).
Myasthenia gravis (MG) is another serious degenerative disease, a chronic auto-immune condition in which auto-antibodies attack specific proteins in the neuro-muscular junction, resulting in muscle weakness and fatigue. Zilucoplan is a small synthetic 15-mer macrocyclic peptide by UCB Pharma, currently in Phase 3 clinical trial for MG, acting as a potent inhibitor of the terminal complement protein C5, with potential anti-inflammatory and cell protective activities (UCB Pharma, 2020). Upon subcutaneous administration, Zilucoplan binds to complement protein C5, blocking C5 cleavage into C5a and C5b and preventing the C5b-dependent assembly of the membrane-attack complex (MAC). Zilucoplan also inhibits the interaction between C5b and C6, thereby further blocking MAC assembly. (Gorman et al., 2021; Duda et al.,2020).
Last but not least, GM604 (GM6, Alirinetide) is a cationic linear peptide drug that has been developed by Genervon Biopharmaceuticals and is in Phase 2 clinical trial for ALS disease. The peptide consists of 6 amino acids, representing a subunit of the endogenous 33-mer peptide known as “motoneuronotrophic factor” (MNTF1) (Swindell et al., 2018). Preclinical tests suggest that MNTF regulates CNS biological functions, including neuronal differentiation, axonal regeneration, reinnervation, and inflammation and apoptosis, providing both neuroprotective and neuro-regenerative therapeutic effects. GM604 is expected to have a complex mechanism of action potentially involving stimulation of multiple receptors, signaling cascades and downstream gene expression responses (Ko et al., 2017). GM604 does not selectively interact with a single target, but rather interacts with multiple receptors linked to diverse pathways. These include insulin receptor, Notch receptors one to four and smoothened frizzled class receptor. Stimulation and activation of these and other receptors by GM6 is associated with the expression of thousands of genes leading to microtubule stability, synaptic transmission and axon guidance (Genervon, 2021).
BACTERIAL AND VIRAL INFECTIONS
Infectious diseases, caused by many pathogens, including bacteria, viruses, fungi, and parasites are extremely common worldwide, although a huge number of antibiotics and antiviral drugs are available on the market. Mutation of infectious microorganisms and development of resistant strains has to be continuously faced with new medicines and for this reason innovation if this area is a need. Up today, three peptides are in clinical phase with the purpose to treat these pathologies. Due to SARS-CoV-2 virus pandemic diffusion, in the last year all anti-infective peptides entered clinical trial to verify their possible use for this infection. Anyway, since these repositioning studies are not based on a medicinal chemistry approach targeting protein receptors, reliable results are still not available. For these reasons, we decided to exclude them from this overview.
Nangibotide (LR12) is a chemically synthesized 12-mer peptide derived from residues 94 to 105 of TREM-like transcript-1 (TLT-1). LR12, launched by Inotrem, is a specific TREM-1 inhibitor, interfering in the binding of TREM-1 and its ligand (Cuvier et al., 2018; Francois et al., 2020). TREM-1 is an amplifier of the innate immune response by synergizing with toll-like receptors and is a crucial mediator of septic shock. LR12 blocks TREM-1 by binding to its ligand and provides protective effects during sepsis such as inhibiting hyper-responsiveness, organ damage and death, without causing deleterious consequences (Inotrem, 2020). The protective effects of modulating TREM-1 signaling are also evident in other models of inflammation such as pancreatitis, hemorrhagic shock and inflammatory diseases. The drug is currently in a Phase 2b trial for treating septic shock and results are expected by the second half of 2021.
Reltecimod (AB103, p2TA; CD288–15) was discovered by Atox Bio as a drug candidate for the resolution of organ dysfunction or failure by attenuating the dysregulated immune response frequently seen in patients with necrotizing soft tissue infection (NSTI). It is an synthetic analogue peptide with homology to the fragment 8–15 of the T-lymphocyte receptor CD28. With its novel mechanism of action, it binds to the dimer interface of the costimulatory receptors and interferes with B7-2/CD28 engagement expressed on T-cells, thereby modulating the acute inflammation that leads to systemic organ failure (Kaempfer, 2018). Reltecimod completed the clinical trial process and its approval by regulatory organs is currently ongoing, suggesting the launch on the market in the next future. (Pipeline Overview AtoxBio, 2021).
To understand the binding of bacterial superantigen toxins to the CD28 homodimer interface, reltecimod (SPMLVAYD) was explored, being a fragment of the CD28 dimer interface domain predicted from alignment with CTLA-4 (Figure 6A). In the available structure for CD28, reltecimod overlaps with the dimer interface, taking part to the complex functional superantigen binding site in CD28. The peptide competes with cell-surface CD28 for the β-strand/hinge/α-helix domain in the superantigen, in a site that is remote from other proteins (MHC-II, TCR Vβ) binding sites (Figure 6B).
[image: Figure 6]FIGURE 6 | (A) Predicted CD28 dimer interface domain (B) Model for superantigen action through binding to CD28 (adapted from Arad et al., 2011).
Blocking the access of a superantigen to CD28 is sufficient to block acute inflammation lethal toxic shock (Arad et al., 2011)
C16G2 was developed by Armata Pharmaceuticals thanks to the design of a novel platform for the treatment of bacterial infections called “Specifically Targeted Antimicrobial Peptide (STAMP) platform”. STAMPs are designed by mining bacterial genomes for targeting domains that confer pathogen-specific killing activity. Therefore, C16G2, targeting S. mutans in the dental caries, was created by matching a targeting domain for effective accumulation on the S. mutans cell surface, as the competence-stimulating peptide C16 pheromone, with a killing domain, that is the G2 sequence as a truncated version of the broad-spectrum killing peptide novispirin G. A flexible tri-glycine sequence links the two regions. C16G2 has finished the Phase 2 clinical trials demonstrating an acceptable safety and tolerability profile of the drug and a selective reduction of S. mutans in the oral cavity. However, the company elected not to proceed to Phase 3 to seek alternatives to lower STAMP cost of goods (Kaplan et al., 2011).
MISCELLANEOUS
In this section several peptides targeting different diseases have been collected, since they cannot be classified in one of the specific pathological areas described in this review.
LJPC-401 is a synthetic human hepcidin peptide, developed by La Jolla Pharmaceutical Company for the potential treatment of conditions characterized by iron overload. In healthy individuals, hepcidin prevents excessive iron accumulation in vital organs, such as the liver and heart, where it can cause significant damage and even result in death.
The feedback circuitry between hepcidin and iron levels in the body ensures systemic iron homeostasis. Hepcidin reduces the concentration of ferroportin-1 receptor (FPN-1) on the cell surface thereby inhibiting the entry of iron into plasma. Hepcidin binds FPN in a central cavity between the N and C domains, acting as a molecular cap to hinder the iron efflux pathway. The network of polar and hydrophobic interactions of the peptide with FPN has been assessed by evaluating decrease in binding affinity due to specific mutations (Billesbølle et al., 2020).
Binding of hepcidin to FPN-1 induces a modification in the receptor, leading to its internalization and degradation in lysosomes. In this way, the export of iron from reticuloendothelial macrophages, hepatocytes, and duodenal enterocytes is blocked (Casu et al., 2018). Hepcidin deficiency is a common feature of hereditary hemochromatosis (HH) and LJPC-401 has completed Phase 2 clinical trials for this therapeutic target, representing a “replacement therapy” to supplement inadequate hepcidin levels (Chawla et al., 2019).
OXE-103 (Oxeia Biopharmaceuticals) is a synthetic human ghrelin, an endogenous hormone, to treat concussions/mTBI. OXE-103 freely crosses the blood-brain-barrier and helps stabilizing metabolic and energy brain dysfunction following a concussion. OXE-103 uniquely targets the hippocampus region of the brain, an important area for cognition and memory. Treatment with OXE-103 has been shown to restore normal energy metabolism, and to reduce the toxic effects of reactive oxygen species that form in low energy states. In neurons, the uncoupling protein-2 (UCP2) stabilizes mitochondria by responding to sublethal stress. The exact neuroprotective role of ghrelin is still unclear but UCP2-dependent mitochondrial stabilization effects in thalamic neurons have been suggested (Lopez et al., 2014). A Phase 2 study is running with the goal to reduce symptom burden with OXE103 treatment (Oxeia Biopharmaceutical, 2021).
Solnatide, is a synthetic cyclic 17-mer peptide whose molecular structure mimics the lectin-like domain (TIP) of human tumor necrosis factor (TNF) (Willam et al., 2017a, b), associated with high altitude pulmonary edema (HAPE) and adult respiratory distress syndrome (ARDS). Solnatide, also known as AP-301, has been developed by Apeptico Forschung und Entwicklung and is about to enter in Phase 2b in the treatment of various pulmonary diseases. Solnatide activates the lung epithelial sodium channel (ENaC), by directly binding to the crucial alpha-subunit of the channel and by stabilizing its open state, thus enhancing sodium ion uptake. The oligosaccharide-binding property of the TIP domain of TNF plays an important role in the mechanism by which TNF and solnatide interact with and activate ENaC, although the exact nature of this interaction is not yet understood.
TAK639 (Takeda) is a synthetic 9-mer linear peptide which has completed phase 1 clinical trials for the treatment of Primary Open-angle Glaucoma (POAG) and intraocular pressure (IOP) (Savinainen et al., 2019). It is estimated that in 2020 more than 75 million people worldwide have suffered from ocular glaucoma; in particular, POAG is a complex optic neuropathy characterized by atrophy of the optic nerve and retinal ganglion cells and their axons, leading to irreversible blindness. Clinical evidences indicate the key role of expression and function of the natriuretic peptide network in several ocular systems, including in human trabecular meshwork. C-type natriuretic peptide (CNP) is the most potent in the class at lowering IOP in rabbits and further studies have demonstrated the presence of functional natriuretic peptide receptor-B (NPR-B) in the eyes of these animals. However, this promising treatment is affected by administration issues owing to the difficulties of atrial natriuretic peptides in penetrating the cornea to lower IOP. To overcome this drawback, TAK639 was designed as a cornea-permeable CNP derivative, exhibiting increased production and cellular concentrations of cyclic guanosine monophosphate (cGMP), able to lower IOP (Martin V. et al., 2020).
CURRENT CHALLENGES AND FUTURE PERSPECTIVES IN PEPTIDES DEVELOPMENT AS THERAPEUTIC AGENTS
The details of the industrial drug discovery and development process are normally performed under a very high degree of confidentiality. Most of the time, the structure is kept secret as long as possible and Markush structures are used in product patents, not only to enlarge the scope of the claim, but also to cover the real drug candidate formula. The structure of 11 of the 58 peptides that we have tracked down was not disclosed. In addition, for what concerns heterologous peptides most of the time also the binding mode, the hot spots of the protein-protein interaction, the modelling and the SARS are kept confidential to delay as much as possible potential competitors, since generation of “me-too” structures of peptides is quite simple.
Heterologous peptides for PPI are normally identified via a normal small molecule drug discovery approach, with the target to identify hot spots mainly via peptides library screening. Once the hit is identified, the structural changes have the target to shorten as much as possible the peptide length, to increase and stabilize the biological activity, to crystallize receptors/ligands or their fragments and to clearly identify the hot spots generating a docking model. The lead optimization to get the drug candidate will further optimize activity and selectivity, and will screen the amino acids that can be used to improve the pharmacological profile.
The approach to native/analogous peptides is completely different since, in this case, the active peptide sequence is normally well known as well as the protein-protein interaction. The critical issue is establishing the relationship of a specific PPI with a disease. Bioinformatics and a better understanding of human molecular physiology have a key role in decreasing time and cost in respect to experimental approaches for the identification of new targets (Muttenthaler et al., 2021). Starting from the native sequence, that has been already identified by nature, the challenge of the medicinal chemist is then similar to the one of heterologous peptides, with the target to file a product patent that identifies a series of new structure in a very competitive environment.
The most remarkable example of native/analogues peptides development is that of GLP-1R agonists for type-2 diabetes and obesity. The molecules in clinical trials have been already discussed in paragraph five, however, this segment, that is by far the most important PPI in terms of potential market and industrial competition, can be used for a critical evaluation. The first in class GLP-1R agonist for type-2-diabetes mellitus, exenatide, was approved by the FDA in 2012. This molecule is the synthetic version of exendin-4, a polypeptide found in the salivary excretion of the Gila Monster, that has a 53%
homology with GLP-1. While GLP-1 half-life is 1.5–5 min, exenatide is around 2.4 h. Since then, additional five molecules with a very high homology for GLP-1 or exenatide (>90%) have been approved and among them there are also the blockbusters liraglutide and semaglutide. From the alignments reported in Figure 7, it is easy to see that the amino acids that are critical for GLP-1R binding (Dods and Donnelly 2016), identified by site direct mutagenesis and Ala scanning (Knudsen and Lau 2019) have been conserved in all peptides (residues 7, 10, 12, 13, 15, 28, 29, 35, 36).
[image: Figure 7]FIGURE 7 | Alignment of analogue peptides with the corresponding native ones in T2DM/obesity and SBS treatment.
In fact, all modifications introduced in GLP-1 sequence and in the structures of dual inhibitors of GLP-1R/GIPR and GLP-1R/GCGR have the target to increase the pharmacological profile without perturbing the binding efficiency. With the only exception of liraglutide, in all the molecules already approved and in clinical trials, the Ala8 of GLP-1, that is sensitive to dipeptidyl peptidase-4 (DPP-4), has been replaced by Gly, Aib or Ser. In addition, side chains, known to prolong half-life and potentially increase oral bioavailability, were introduced in six of the seven molecules in clinical trials and have been attached to amino acids that are not critical for GLP-1R binding (residues 16, 23, 26, 36, 44, 45, and 46). From the available data semaglutide has still the record in terms of half-life (7 days). The overall development of these drugs has been largely described and the new molecules in clinical trials have followed a similar development path. From a scientific point of view, it will be interesting to monitor the evolution of dual and triple inhibitors in clinical trials to understand if these approaches will deliver any real therapeutic advantage respect to the current blockbusters.
Still serendipity can play a major role, and a typical example is Drucker’s discovery of the function of GLP-2 in the intestine that ultimately resulted in the commercialization of Teduglutide for the treatment of short bowel syndrome (Drucker 2019). The natural GLP-2 has a very short half-life, 7 min, while in Teduglutide the substitution of alanine with glycine at position two results in a peptide resistant to degradation by DPP-4 achieving a half-life of 2 h necessary for a daily treatment, in analogy with the GLP-1 analogues series (Marier et al., 2010). In other words, when the biological function of PPI is understood, the drug development is straightforward.
Therapeutic proteins (TP) have a consistently higher success rate than small molecules (Smietana et al., 2016). Peptides have performances similar to TP mainly because of the contribution of native/analogues and their high level of selectivity, that avoids out of target toxicity. On the other hand, heterologous peptides success rate is more similar to the one of small molecules and the target is, again, a very high level of selectivity, limiting the toxicological assessment to immunogenicity. When a market is saturated the impact of management and market considerations start to have a great impact on the attrition rate. Diabetes and obesity attracted the attention of several companies, since this is by far the most important market segment from a turnover point of view. We have described several native and analogue peptides that are targeting GLP-1R, GLP-1R/GCGR, GLP-1R/GIPR, Y2R actually in the clinic. However, there are already several peptides approved in this segment and, by the time the new ones will be approved, several potent and effective drugs will become generics. Therefore, the success rate of the molecules in the clinic will be not only related to efficacy but also by market positioning.
CONCLUSION
The PPI modulation is a fertile area for peptide development as shown by the overall peptide market and by the large pipeline discussed in this paper. The herein reported overview shows that targeting PPI represents a successful approach for a number of different pathologies, since the network of human interactome regulates all the physiological cascade events and the related disfunctions. The availability of powerful synthetic methodologies is able to sustain medicinal chemists in the exploration of the molecular space for the design of new structures with an improved pharmacological profile. From a technological standpoint, innovation is now needed in the greening of synthetic technologies to accomplish sustainability.
Although the number of peptides entering clinical trials pathways is always increasing, a huge number of PPI are still unexplored or undisclosed. In fact, it is important to underline that, with the exception of cancer related pathologies as well as diabetes/obesity, the number of molecules in Phase 1 is very limited. The drug discovery and development process and the regulatory and market dynamics of therapeutic peptides will evolve in the near future also because of the potentially enormous impact of PPI. In conclusion, behind the PPI understanding there is the Holy Grail of protein-protein cross talk alphabet that will open up a new era in the pharmaceutical development of safe and effective drugs where the peptide modality will play a major role.
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Mitogen-activated protein kinases (MAPK) are important regulatory units in cells and they take part in the regulation of many cellular functions such as cell division, differentiation or apoptosis. All MAPKs have a shallow docking groove that interacts with linear binding motifs of their substrate proteins and their regulatory proteins such as kinases, phosphatases, scaffolds. Inhibition of these protein–protein interactions may reduce or abolish the activity of the targeted kinase. Based on the wide range of their biological activity, this kind of inhibition can be useful in the treatment of many disorders like tumors, inflammation or undesired cell apoptosis. In this study a linear binding motif from the RHDF1 protein—a 15 amino acids long peptide—was selected for optimization to increase its cellular uptake but retaining its low micromolar binding affinity. First, we synthesized an octaarginine conjugate that showed efficient cellular uptake. Next, we set out to reduce the size of this construct. We were able to decrease the length of the original peptide, and to increase its cellular uptake with specific chemical modifications. These new constructs bound better to ERK2 and p38 kinases than the original peptide and they showed markedly increased cellular uptake. The new octaarginine conjugate and one of the minimized bicyclic derivatives could inhibit the phosphorylation of intracellular ERK or p38. However, the modulation of MAPK phosphorylation levels by these cell-penetrating peptides were complex, despite that in biochemical assays they all inhibited MAPK-substrate binding as well as phosphorylation. The optimized peptides depending on the applied concentration caused an expected decrease, but also some unexpected increase in MAPK phosphorylation patterns in the cell. This possibly reflects the complexity of MAPK docking groove mediated protein–protein interactions including bone fide MAPK clients such activator kinases, deactivating phosphatases or regulatory scaffolds. Thus, our findings with optimized cell-penetrating “inhibitory” peptides highlight the opportunities but also the pitfalls of docking peptide based MAPK activity regulation and call for a better quantitative understanding of MAPK mediated protein–protein interactions in cells.
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INTRODUCTION
Mitogen-activated protein kinases (MAPK) are key regulators of cellular signaling since they play crucial roles in many cellular processes like cell division and survival, differentiation, gene expression, apoptosis and stress-response (Cargnello and Roux, 2011). They are found in eukaryotic cells and are activated by their upstream kinases (mitogen-activated protein kinase kinases, MAPK kinases or MAPKKs) which were previously activated by mitogen-activated protein kinase kinase kinases, MAPKKKs). These kinases form a multi-tiered kinase cascade in which the specific interactions between the activating kinase and their substrate kinase are very important. The activating MAPKKs bind to the docking groove of the cognate MAPK with a specific short linear motif. These linear docking motifs are composed of 8–20 amino acids and have a loose consensus sequence. They contain basic and hydrophobic amino acids which bind to the Common Docking (CD) and hydrophobic region of the docking groove, respectively with a consensus sequence of Ψ (1–3) × (3–7) Φ ×, where Ψ, Φ and × mark positively charged, hydrophobic or any intervening residues, respectively. The docking grooves of paralogous MAPKs are similar but also distinct in a few key amino acid positions, therefore the consensus sequence of the docking motifs has both common and different features.
There are three main subfamilies of mammalian MAPKs: extracellular signal-regulated kinases (ERKs), p38 mitogen-activated protein kinases (p38s), and c-Jun N-terminal kinases (JNKs) (Pearson et al., 2001). ERKs are activated by mitogen signals, while p38s and JNKs by cellular stress (osmotic stress, heat shock) and inflammatory cytokines. The same surface of the MAPK’s docking groove serves as the binding site for not only the activator kinases but also for their inactivating phosphatases, downstream substrates, and any signaling partners having these motifs. By inhibition of the interaction between MAPKs and their signaling partners we may potentially influence MAPK signaling. These MAPKs play important roles in many pathological events as tumor genesis and progression, metastasis formation and inflammatory processes. Thus, these protein–protein interactions (PPIs) are ideal therapeutic targets, but their inhibition is very challenging. Designing small molecule PPI inhibitors may be more difficult, because of a) the interaction happens via a big surface, bigger than in the case of other interactions (e.g., enzyme-substrate, ligand-receptor) (Smith and Gestwicki, 2012) b) these surfaces are commonly flat and there are only few grooves or deep pockets (Hopkins and Groom, 2002), c) there are no small endogenous ligands that could be used as a template for drug design. Although there are several successful small molecule inhibitors (Nero et al., 2014; Lu et al., 2020), larger compounds may be better to inhibit PPI’s. One extensively studied family of this kind of molecules is peptides (Nevola and Giralt, 2015; Tsomaia, 2015). They have several advantages (Craik et al., 2013), and their higher selectivity toward protein targets may result in less side effects. They can be easily modified with unnatural amino acids that increases their biological and chemical diversity. Their metabolism results in amino acids that are non-toxic products. Unfortunately, they have some disadvantages too; lower metabolic stability, cell-permeability and oral availability. Peptides that can bind to a protein have specificity because of their well-defined structure in their protein domains. Unfortunately, short peptides related to these parts of the binding domains lose these specific secondary structures. There are many chemical approaches to avoid this “side-effect” of size reduction of biologically active protein domains (Nevola and Giralt, 2015; Tsomaia, 2015), for example by producing cyclic peptides (Lennard et al., 2019; Sarkar et al., 2020; González-Muñiz et al., 2021), macrocyclic peptides (Dougherty et al., 2017; Krüger et al., 2017; González-Muñiz et al., 2021), stapled peptides (Walensky et al., 2004; Dietrich et al., 2017; Jeganathan et al., 2019), or bicyclic peptides (Trinh et al., 2016). Because the RAS-ERK signaling pathway plays an important role in the development of many tumors, it is a promising target to develop therapeutically active molecules (García-Gómez et al., 2018). Therefore, there has been considerable interest in developing small molecule inhibitors that bind to the MAPK docking groove (Burkhard et al., 2009; Sammons et al., 2019). The first peptide that inhibited the activation of ERK was derived from its activator protein kinase MEK1 (Kelemen et al., 2001). This 12 amino acids long peptide corresponding to the N-terminus of MEK1 inhibited the activation of ERK in vitro and its cell-permeable derivative was effective in cells. Further peptides were identified as inhibitors in later studies (Bardwell et al., 2003; Ho et al., 2003; Gaestel and Kracht, 2009). The linear docking motifs that are used by MAPKs to increase their signaling specificity (Tanoue and Nishida, 2002; Reményi et al., 2006) may all be good candidates to develop PPI inhibitors. The structural requirements and the mode of binding of these linear docking motifs was described earlier (Garai et al., 2012) and was used to identify further motifs (Zeke et al., 2015). One of these motifs (its sequence: SLQRKKPPWLKLDIPS) found in the Inactive rhomboid protease 1 (RHDF1) showed strong binding to ERK2 (Zeke et al., 2015). Although these peptides can bind very selectively and sometimes strongly to their target proteins, there are often limitations of their use in cells, due to their lack of cell-permeability in particular. The cellular uptake of these peptides can be increased using cell-penetrating peptides, and these positively charged peptides are known to be able to deliver a wide range of cargos into the cytosol (Hudecz et al., 2005). In former studies, we used these peptides successfully to deliver small molecules (Miklán et al., 2007; Bánóczi et al., 2008b; Szabó et al., 2016) or peptides (Bánóczi et al., 2007; Bánóczi et al., 2008a; Világi et al., 2008) into cells or tissue.
In this study we present the structural optimization of the linear binding motif from RHDF1 which, in turn, led to the development of cell-permeable modulator of MAPK phosphorylation. The synthesis and biological characterization of its cell-penetrating conjugate and modified derivatives are described and our results indicate that the sequence can be reduced and modified to enhance cellular uptake without compromising, or even slightly improving, MAPK binding. These new peptides may internalize efficiently and can inhibit the PPIs between ERK2 or p38 and their substrates, therefore, they may be suitable to modify the ERK or p38 signaling pathways in cells.
MATERIALS AND METHODS
All amino acid derivatives, and Rink-amide MBHA resins were purchased from IRIS Biotech GmbH (Marktredwitz, Germany), whereas N,N-diisopropylethylamine (DIEA), 1-hydroxybenzotriazole (HOBt), N,N′-diisopropylcarbodiimide (DIC), trifluoroacetic acid (TFA), 1.8-diazabicyclo[5.4.0]undec-7-ene (DBU), thioanisole, 5(6)-carboxyfluorescein (Cf), triisopropylsilane (TIS) and 1,2-ethanedithiol were FLUKA (Buchs, Switzerland) and Sigma Aldrich (Budapest, Hungary) products. Dabcyl acid [4-((4-(dimethylamino)phenyl)azo)benzoic acid] was ordered from (AAT Bioquest, Inc., Sunnyvale, CA). Solvents for syntheses and purification were obtained from Molar Chemicals Kft (Budapest, Hungary). The buffers were prepared with ion exchanged distilled water.
Synthesis of Peptides
All peptides were synthesized manually on Rink-amide MBHA resin (0.3 g, 0.69 mmol/g) by Fmoc/tBu strategy as was described earlier (Szabó et al., 2016). After the cleavage of the last Fmoc protecting group peptide for conjugation was chloroacetylated on the free N-terminal α-amino group using the pentachlorophenyl ester of chloroacetic acid in 5 eqv. on resin for overnight. The Cf and Dabcyl group were attached to the N-terminal of peptides too via the α-amino group using their acid and HOBt-DIC coupling reagents. When the peptid contained both Cf and Dabcyl a Lys was incorporated into the C-terminal and Cf was coupled to its ε-amino group in solution (DMF) using DIC-HOBt coupling reagents in 1.1 eqv. to the peptide. The chloroacetylated peptides were cleaved from the resin with 5 mL TFA containing 0.375 g phenol, 0.25 mL distilled water and 0.25 mL TIS as scavengers. Peptides without chloroacetyl group were cleaved using the same mixture but 0.25 mL thioanisole and 0.125 mL 1,2-ethanedithiol were applied instead of TIS. Crude products were precipitated by dry diethyl-ether, dissolved in 10% acetic acid and freeze-dried. The peptides were purified by RP-HPLC on a semipreparative Phenomenex Jupiter C18 column (250 × 10 mm I.D.) with 10 μm silica (300 Å pore size). Flow rate was 4 mL/min. Linear gradient elution was applied.
Conjugation was carried out in TRIS buffer (0.1 M, pH = 8.2). The cysteine containing peptides were added slowly to the solution of chloroacetylated peptide. The conjugate was isolated from the reaction mixture by RP-HPLC after lyophilisation.
The cyclic peptides were prepared by the formation of thioether bond between chloroacetyl (on the side chain of lysine) and thiol (in the side chain of cysteine) group. During the peptide synthesis the Lys residue was protected with Dde. After the coupling of Dabcyl group to the N-terminal amino group the Dde group was cleaved on the resin by 2% hydrazine hydrate (5 min + 5 min) and the resin was washed with DMF (8 × 0.5 min). After the cleavage chloroacetyl group was attached to the side chain of lysine using 5 eqv. of chloroacetic acid pentachlorophenyl ester on resin and the peptide was cleaved from the resin using TFA cleavage mixture. The cyclic peptide was produced by dissolving the purified peptide precursor (1 mg/mL) in 0.1 M TRIS buffer (pH 8.1) and stirring overnight at room temperature. The reaction solution was then lyophilized, and purified on HPLC.
For the synthesis of bicyclic peptides linear precursor peptides were prepared with three cysteine residues. Then the purified peptides were reacted with thiol reactive linker tris(bromomethyl)benzene (TBMB). The precursor peptides were dissolved in 0.1 M TRIS buffer (pH 8.1), while TBMB (1.5 eqv) was dissolved in acetonitrile. Then the two solutions were combined and stirred overnight, the final concentration of the peptide was 1 mM. The reaction solution was then evaporated to remove acetonitrile and lyophilized. The crude product was purified by RP-HPLC.
The purified compounds were characterized by analytical RP-HPLC and ESI-MS (Table 1 and Supplementary Material).
TABLE 1 | Characterisation of peptides.
[image: Table 1]In Vitro Cell Culturing
HL-60 (ATCC® CCL-240™) human promyelocytic leukemia cells were grown in RPMI-1640 supplemented with 10% FCS (l)-glutamine (2 mM) and gentamicin (160 μg/mL). Cells were maintained in plastic tissue culture dishes at 37°C with a humidified atmosphere containing 5% CO2/95% air.
HEK-293T (ATCC, CRL-3216) were cultured in Dulbecco’s modified Eagle’s medium (DMEM, Gibco) supplemented with 10% fetal bovine serum (FBS) and gentamicin (50 μg/mL) at 37°C in an atmosphere of 5% CO2.
Cellular Uptake Profile of Compounds by Flow Cytometry and Confocal Microscopy
To study the cellular uptake of fluorescent labeled peptides and conjugate by flow cytometry, 105 HL-60 cells per well were plated on 24-well plates and were incubated for 24 h at 37°C. Then cells were treated with the solution of compounds in serum-free media for 90 min. The cellular uptake was analysed at 1, 5 and 10 µM concentrations. Cells treated with serum-free media were the control. At the end of incubation, treatment solutions were removed, and the cells were treated with 100 μL trypsin for 2 min to remove the membrane proteins in order to eliminate non-specific binding of conjugates. The effect of trypsin was terminated by 900 μL HPMI containing 10% fetal calf serum, and the cell suspensions were transferred into FACS-tubes. After centrifugation at 216g at 4°C for 5 min the supernatant was removed. Then cells were resuspended in 500 µl HPMI, and the intracellular fluorescence intensity of HL-60 cells was monitored (on channel FITC LP505; emission at λ = 505 nm; LP 505, BP 530/30) by flow cytometry (BD LSR II, BD Bioscience, San Jose, CA, equipped with 488 nm; Coherent Sapphire, 22 mW laser.) which is proportional to the cellular uptake. Data were analysed with FACSDiVa 5.0 software. Statistical analysis was done using two-sided independent Student’s t-test.
The cellular uptake of the fluorescent labeled peptide into HEK-293T cells were analyzed by fluorescence microscopy (Cytation 3, BioTek Instruments) and two peptides were further examined by confocal laser scanning microscopy (Zeiss LSM-710 system). Cells were incubated with peptides in serum-free medium (DMEM) for 3 h at 37 °C and then washed twice with 200 μl of serum-free medium before analyzing.
In vitro MAPK Binding and Activity Assays
ERK2 and p38 proteins used for fluorescence polarization (FP) measurements were recombinantly expressed in Escherichia coli and purified according to Garai et al. The purified and concentrated proteins were subjected to fluorescence polarization based binding measurements (Garai et al., 2012) using 50 nM Cf-labeled Cf-RHDF (Cf-SLQRKKPPWLKLDIPSC) and the data was analyzed using OriginPro. For direct measurements the concentration of ERK2 and p38 protein was increased, and for competitive measurements the protein-labeled peptide complex at 60–80% complex formation was titrated with increasing concentration of unlabeled peptide and the amount of the protein-labeled peptide complex (fraction bound) was determined using Cytation 3 (BioTek Instruments) plate reader in 384-well black plates. The direct measurement gives the Kd between the labeled peptide and the MAPK, while the competitive titration experiment with the unlabeled peptide gives the Ki for the unlabeled peptide competing off the labeled peptide, which is a good proxy for the binding affinity of the unlabeled peptide to the protein. All of the FP measurements were performed in assay buffer: 20 mM Tris (pH 8.0), 100 mM NaCl, 0.05% Brij35, and 2 mM TCEP. Fraction bound of the labeled ligand was calculated based on direct binding and competitive binding equations described in (Roehrl et al., 2004; Simon et al., 2020). The Kd and Ki values were obtained by fitting the FP data, measured in triplicates, to a direct binding equation or to a competitive binding equation using the OriginPro software.
In order to determine the inhibitory effect of RHDF-peptides, we used a protein fragment complementation based assay. MAPK activity was monitored based on the association of two protein constructs containing a phoshorylated substrate reporter sequence including a MAPK docking motif or a phospho-binding domain, where these had an the N-terminal or C-terminal fragment of the Nanobit Luciferase enzyme as a fusion tag (Promega Nanobit® PPI Starter Systems). Upon MAPK activity, these two proteins bind and form the active luciferase enzyme oxidizing its substrate (coelenterazine) and ultimately giving some luminescent signal. The initial rates of the reactions were calculated and were compared for the applied inhibitor’s concentration, and then EC50 values were determined using dose response fitting (OriginPro) (see in Supplementary Figure S26). Reactions were carried out in a buffer of 50 mM HEPES, pH 7.5, 100 mM NaCl, 5 mM MgCl2, 0.05% IGEPAL, 50 μM Coelenterazine h, 5% glycerol, 2 mM DTT, 1mM TCEP, 0.5 mg/ml BSA containing 1 nM active ERK2 (pp-ERK2) or p38 (pp-p38α) and were started by the addition of 2 mM ATP. Luminescence was measured using a luminescence plate reader (Cytation 3, BioTek) in white 96-well plates.
MAPK Phosphorylation Levels in Cells by Western-Blot Analysis
To study the effect of peptides on the ERK pathway EGF stimulation and Western-blot analysis were used. HEK-293T cells were plated on 48-well plate and were serum-starved for overnight. Then cells were treated with the Cf-peptide at 20µM for 5 h in 100 μL DMEM and then stimulated by addition of EGF (Sigma, E9644) in 100 ng/mL concentration. Stimulation was terminated at different time points by adding 35 μL 4× SDS loading buffer. Cells were lysed and 10 μL of each sample was subjected to SDS-PAGE. The proteins of the SDS-gel were transferred to PVDF-membrane by Trans-Blot Turbo Transfer System (Bio-Rad) and the membrane was incubated first by phospho-p44/42 MAPK (ERK1/2) (Thr202/Tyr204) rabbit primery antibody (Cell Signaling, #9101) in 1:2,000 dilution and then with goat anti-rabbit HRP conjugated secondary antibody (Cell Signaling, #7074) in 1:5,000, and after stripping the membrane by anti-p44/42 MAPK (ERK1/2) mouse primary antibody (Cell Signaling, #4696) in 1:2,000 and then with goat anti-mouse HRP conjugated secondary antibody (Merck Milipore, 401215) in 1:10,000. Immobilon® ECL Ultra Western HRP Substrate reagent (Millipor, WBK L S0500) and Fluorchem FC2 gel documentation system (Alpha Innotech) were used for developing the membrane. The intensities of the protein bands were determined by densitometry and monitored after the stimulation in time. Later the effect of the most effective peptide (bicyclic peptide 16) on the ERK and p38 pathway was examined by Western-blot. In this case HEKT cells were treated with several concentrations of the peptide and then were stimulated by 50 or 200 ng/ml EGF for studying ERK pathway, and 0.4 M Sorbitol for the p38-pathway. Sorbitol induces osmotic stress to the cells which generates activated p38-level (pp-p38), since p38 protein is one of the stress-sensor of the cell. After 10 min cells were lysed and subjected to SDS-PAGE and then subjected to Western-blot as earlier described. Activated (i.e., phosphorylated) ERK and p38 were detected by phospho-p44/42 MAPK (ERK1/2) (see above) and phospho-p38 MAPK (Thr180/Tyr182) rabbit primary antibody (Cell Signaling, #9215) in 1:2000 dilution, respectively. The total ERK and p38 content of the samples were determined by anti-p44/42 MAPK (ERK1/2) mouse primary antibody and anti-p38α MAPK mouse mAb (Cell Signaling, #9228), respectively. Anti-alfa-tubulin mouse mAb antibody (Sigma, T6199) in 1:10,000 was used for loading control. As secondary antibody anti-rabbit antibody (IRDye® 800CW Goat anti-Rabbit IgG, #926-32211) in 1:5,000 and secondary anti-mouse antibody (IRDye® 680CW Goat anti-Mouse IgG, #926-68070 in 1: 10,000 were used. Protein bands were detected and quantified with LI-COR Odyssey® Clx infrared imaging system. Statistical analysis was done using two-sided independent Student’s t-test.
RESULTS
Design of Inhibitor Peptides
MAPKs are important regulatory proteins with dozens of substrates and they bind their substrates with docking motifs. The S1LQRKKPPWLKLDIPS16 peptide (1) located in the RHDF1 protein is one of these linear binding motifs and can bind to ERK2 and p38 in their docking groove. The bound peptide may inhibit protein–protein interaction and thus blocks the activity of these MAPKs. Our purpose was to develop cell-permeable inhibitors based on the RHDF1 motif. In the first trial a conjugate of the native sequence (2) with octaarginine as a cell-penetrating tag was synthesized. Then optimization of the original sequence was carried out to increase intracellular stability and cellular uptake. To reduce the size of the original peptide, several amino acids were eliminated from both termini (4). For MAPK binding the Lys6, Lys7, Leu10 and Leu12 were found to be important (Zeke et al., 2015). The presence of Ile14 as the third interacting site in the hydrophobic groove is not mandatory but may enhance the strength of binding. Thus, in our first truncated construct the flanking regions (“SLQR” on N- and “PS” on C-terminus) were removed but all necessary amino acids and Ile14 were retained in the sequence. As the docking groove prefers both Lys and Arg, all lysine residues were replaced by arginine in the next step (5). This modification may increase the cellular uptake of the peptide. For efficient internalization there is a necessary number of Arg residues (Mitchell et al., 2000; Futaki et al., 2001), thus additional arginines were added to both termini to enhance the internalization of the peptide (6, 8). Finally, a Dabcyl group as internalization enhancer was attached to the N-terminus (10). To improve the in vivo stability of linear peptides cyclization is often used. However, cyclization may increase the specificity, too. Therefore, cyclic and bicyclic derivatives (12–17) were prepared. In some cyclic and bicyclic constructs the Ile14 was left out to study its effect on binding. In order to study the cellular uptake fluorescently labeled peptides were synthesized. In these constructs 5(6)-carboxyfluorescein (Cf) was attached to the N-terminus or to the ε-amino group of Lys at the C-terminus (3, 7, 9 and 11). All peptides were produced by solid phase peptide synthesis using Fmoc/tBu strategy. Peptides were purified by RP-HPLC and characterized by analytical RP-HPLC and ESI-MS (Table 1 and Supplementary Material).
Binding of Peptides to MAP Kinases
The binding of peptides was tested with two MAPKs, ERK2 and p38α. Fluorescently labeled RHDF-1 peptide was used as the binding partner of the MAPKs and fluorescence polarization was measured to calculate the binding constant. The binding affinity of peptides were determined in competitive binding assay (Kd or Ki) (Table 1 and Supplementary Figures S24,S25). The conjugation of octaarginine, a cell-penetrating peptide (peptide 2) slightly increased binding affinity. When the original peptide was shortened (4) its binding significantly decreased (8.3 times weaker). The substitution of Lys residues with arginines (5) resulted in no change in binding. Extension of the C-terminus by two Arg (6) enhanced the binding by 3.5 times; addition of one Arg to the N-terminus (8) further increased binding that became slightly better than that of the original sequence. The Kd value of cyclopeptides was dependent on the ring size. The best one was when the cycle contained all amino acids except of the positively charged N-terminus (three Arg residues) (13). The binding of this construct was one of the best and better than that of the original sequence. . It should be noted that the binding of cyclic peptides with (15) or without (13) Ile was the same. Based on these results bicyclic peptides with (16) or without (17) Ile were tested. In these cases the presence of Ile could increase the binding ability and this bicyclic peptide (16) showed the strongest binding to ERK2. The peptides bound to p38 similarly albeit with somewhat stronger Kd compared to ERK2 (with the exception of 16).
As peptides could bind to both ERK2 and p38, their inhibitory effect on the activity of these enzymes was measured in vitro (Table 1 and see Supplementary Figure S26). The EC50 was the lowest in case of the longest peptide that was extended by Arg residues at both termini (peptide 8). Elimination of an Arg from the N-terminus (peptide 6) reduced the inhibitory effect; its EC50 value was 3.7 times higher than that of the longer peptide (8). Unfortunately, the attachment of Dabcyl group (peptide 10) increased the EC50 value by 2.4 times. For ERK2, where the EC50 was measured parallel to the Kd for three peptides, we found that the best binding peptide had the lowest EC50 value, showing that binding affinity agrees with peptide mediated inhibition for this MAPK.
Cellular Uptake of Peptides and Conjugates
The uptake of the original peptide (1) and its shorter derivatives (4 and 5) was poor (data is not shown), but it could be enhanced by different modification, for example by additional arginine(s) (7 and 9) or a Dabcyl-group (11). When arginine residues were incorporated into the peptide at the C- (Figure 1A, peptide 7) or at both termini (Figure 1B, peptide 9) then time and concentration dependent internalization of peptides was noticeable. Addition of a Dabcyl-group to the N-terminus (Figure 1C, peptide 11) increased the peptide internalization: cells had higher fluorescence intensity even at 10 µM concentration.
[image: Figure 1]FIGURE 1 | Cellular uptake of peptides into HEK-293T cells. (A)Cf-RRPPWLRLDIRR-NH2 in 10 µM concentration, (B)Cf-RRRPPWLRLDIRR-NH2 after 3 h, (C)Dabcyl-RRRPPWLRLDIRRK(Cf)-NH2 after 3 h.
Because peptide 9 and 11 were the most effective based on fluorescence microscopy images, their internalization was further studied. Flow cytometry measurements were used to assess peptide internalization. HL-60 cells were treated by peptide 9 and 11 in 1, 5 and 10 µM concentrations for 90 min and the fluorescence intensity of cells was measured (Figure 2). The presence of live cells showed that the Dabcyl-containing peptide (11) affected cell viability at the two highest concentrations and the number of live cells decreased to 40% at 10 µM (Figure 2A). The fluorescence intensity of the Dabcyl-containing peptide at 1, 5 and 10 µM was 9.2, 23.5 and 16.9 times higher, respectively (Figure 2B).
[image: Figure 2]FIGURE 2 | Quantification of the internalization of Cf-RRRPPWLRLDIRR-NH2 and Dabcyl-RRRPPWLRLDIRRK(Cf)-NH2 into HL-60 cells by flow cytometry. The HL-60 cells were treated at different concentrations for 90 min and (A) the percent of live cells and (B) their average fluorescence intensity was determined by flow cytometry. Error bars show SD calculated based on three independent measurements. Statistical significance between the percent of live cells in the case of control and the peptide treated samples was determined with two-sided independent Student’s t-test (***p < 0.001) (A). Statistical significance between the internalization of two peptides was determined with two-sided independent Student’s t-test (***p < 0.001) (B).
When the internalization of the two peptides was confirmed by fluorescence microscopy, their intracellular distribution was examined. HEK-293T cells were treated with the solution of peptide 9 and 11 for 3 h and analyzed by fluorescence confocal microscopy (Figure 3). This analysis showed that the Dabcyl-group affected the peptide internalization pathway. Without the Dabcyl-group the peptide went through the cell membrane only via endocytosis since its intracellular distribution was punctuated (Figure 3A). The Dabcyl-group containing peptide showed a more diffuse distribution even at 10 µM which was further increased at 20 µM concentration (Figure 3B).
[image: Figure 3]FIGURE 3 | Intracellular distribution of Cf-RRRPPWLRLDIRR-NH2 and Dabcyl-RRRPPWLRLDIRRK(Cf)-NH2 in HEK-293T cells. Cells were treated with 10 and 20 µM peptides for 3 h and the intracellular distribution of peptides was studied by fluorescence confocal microscopy.
Inhibition of Intracellular ERK or p38 by an Octaarginine Conjugate and a Bicyclic Peptide
The effect of an octaarginine conjugate (3) on intracellular activity of ERK was studied on HEK-293T cells. First, the internalization of the conjugate was studied by fluorescence microscopy (Figure 4A). It showed internalization after 5 h of treatment at 5 µM concentration.
[image: Figure 4]FIGURE 4 | Internalization and intracellular inhibitory activity of an octaarginine conjugate (3). The conjugate (3) treated cells (20 μM, 5 h) were analyzed by fluorescence microscopy (A), or stimulated by EGF (100 ng/ml). The activity of ERK-pathway was followed by anti-P-ERK antibody using Western-blots (B). The normalized phospho-ERK levels in untreated cells and peptide treated cells are labeled with blue and red, respectively. Error bars show SD calculated based on three independent measurements. * Indicates statistical significance between peptide-treated and control (p < 0.05 with two-sided independent Student’s t-test).
As the conjugate could internalize into cells, its inhibitory effect on intracellular ERK activity was analyzed by using Western-blots (Figure 4B). The cells were stimulated by EGF and the time dependent phosphorylation of ERK1/2 was followed. After EGF stimulation phosphoERK levels normally increase (0–10 min), which at later time points (30–60 min) return to baseline (not shown). When the cells were pre-treated by conjugate 3 (20 μM, 5 h) some reduction was observed in the amount of phosphorylated ERK, meaning that the active form of ERK decreased and indicating that the conjugate attenuated ERK activation. In the case of the most active derivative (bicyclic peptide 16) HEK-293T cells were pre-treated with the solution of inhibitor peptide (16) at 10, 25, 50, and 100 µM concentrations and cells were stimulated with EGF at 50 ng/ml for 15 min (Figure 5A), or with EGF at 200 ng/ml for 10 min. Unexpectedly, peptide 16 increased the phosphorylation of ERK at low concentration (with 30 and 16% at 25 and 50 μM, respectively) and inhibitory activity (15%) was detected only at the highest concentration (100 µM) at 50 ng/ml EGF and 60% at 200 ng/ml EGF. When the inhibition of intracellular p38 was studied the pre-treatment with peptide 16 (0.1, 1, 3, 10, 25, 100 µM) was for 1 h and we applied stimulation with sorbitol for 10 min. The effect of peptide 16 on p38 was somewhat different compared to on ERK1/2 (Figure 5B). At low concentration it inhibited the phosphorylation of p38 (with 18, 20, 12, 4% at 0.1, 1, 3, and 10 μM, respectively), but there was high increase in the phosphorylation of p38 at 25 μM, which was slightly enhanced further at 100 μM, with 42 and 48%, respectively. It is noteworthy, that pre-treatment with these peptides had only marginal effects on cell viability, which, however, was only apparent after long incubation (for 24 h, as shown on Figure 5C).
[image: Figure 5]FIGURE 5 | The effect of a bicyclic peptide (16) on ERK and p38 pathways. (A) Serum-starved HEKT cells were pre-treated with 0, 25, 50, 100 µM peptide 16 for 2 h, and then stimulated by 50 ng/ml EGF for 15 min or 200 ng/ml EGF for 10 min. Samples were subjected to Western-blot analysis; activity of the ERK pathway was followed by anti-pp-ERK and anti-ERK antibody; anti-tubulin antibody was used as load control and demonstrates equal sample load in addition to the anti-ERK Western-blot signal. Bar charts show the ppERK2/ERK2 intensity ratio of each sample. (B) Serum-starved HEKT cells were pre-treated with the peptide 16 at 0.1, 1, 3, 10, 25, 100 µM for 1 h and then stimulated by 0.4 M Sorbitol for 10 min (upper panel) or treated only with the medium (lower panel; Mock). p38 activation was confirmed by using anti-pp-p38 antibody, and the total p38 amount of the samples by using the anti-p38 antibody. The graph shows the pp-p38/p38 intensity ratio of each band obtained from the densitometry of Western-blots in the case of Sorbitol (in grey) or medium (Mock; in black) treatment (C) Cell viability test with peptide 16. HEKT cells were incubated with the peptide at 10 and 100 µM for 24 h, then the viability of cells was determined by PrestoBlue™ reagent according to the manufacturer’s instructions (ThermoFisher Scientific, #A13261). Note that peptide incubation times before stimulation was only up to 2 h at maximun on Panel A and B. Error bars show SD of 3 independent measurements. *Indicates statistical significance between peptide-treated and control (p < 0.05 with two-sided independent Student’s t-test).
DISCUSSION
MAPKs are important components of intracellular signaling pathways and thus they are responsible for many biological process in cells (Cargnello and Roux, 2011). Their aberrant functions are crucial in many pathological symptoms. Development of inhibitors against them, and thus to attenuate their effect in pathological alterations, has turned out to be challenging so far. The most applied strategy, inhibition of kinase activity via blocking ATP binding has several limitations. One of them is limited selectivity because of the high homology of ATP binding sites in different families of kinases (Knight and Shokat, 2005). Blocking the interaction of these kinases with their substrates can be a potent strategy to get selective inhibitors. The substrates of MAPKs contain docking motifs to bind to the kinase and this protein–protein interaction results in selectivity in downstream signaling. Many motifs were identified in various kinases and one of them was a sequence from the N-terminal part of RHDF1 protein. This peptide—SLQRKKPPWLKLDIPS—showed strong ERK2 and p38 binding (Zeke et al., 2015). This peptide was selected to develop new MAPK based inhibitor(s). In this systematic study our purpose was to develop efficient and cell permeable inhibitor peptide(s) based on the original sequence. As this sequence has good binding ability (Kd = 1.8 µM, Table 1) the first approach was to provide them with cell-penetrating tags to improve cellular uptake. These peptides were used successfully to develop cell-permeable MAPK inhibitor peptides (Kelemen et al., 2001; Fu et al., 2008; Gaestel and Kracht, 2009). Octaarginine was selected to deliver the peptide into cells, because it has been successfully used by us to deliver peptides into cells (Bánóczi et al., 2007; Bánóczi et al., 2008a; Világi et al., 2008). The conjugate retained MAPK binding ability and could penetrate into cells and had some inhibitory effect on the ERK pathway (Figure 4). Our hypothesis was that the low cellular stability may reduce the applicability of this construct. Thus, our interest turned toward the optimization of the binding peptide sequence, its cell-penetration and its in-cell stability. First the size of the peptide was reduced. The data suggested that despite that the flanking regions (SLQR and PS) may not act in binding directly based on available structural models of MAPK-docking motif complexes, they have some roles in it (Table 1). A short peptide (4) without these flanking regions showed weaker binding. To enhance cellular internalization of peptides, Lys-Arg substitutions were done (5) as it was proved that Arg residue(s) has high impact on cell penetration (Mitchell et al., 2000). This modification only slightly reduced binding in vitro. Based on these findings extension of both termini with Arg residues was done. While the number of Arg has a lower limit for efficient internalization (Mitchell et al., 2000; Futaki et al., 2001), there is high flexibility in their position (Futaki et al., 2002). The extension of the C-terminus with two Arg residues (6) induced stronger binding and the addition of an extra Arg to the C-terminus (8) resulted in the same binding as that of the original sequence. In addition to increased binding these peptides showed increased cellular uptake in HEK-293T cells. Because our latest findings showed that the Dabcyl-group may dramatically increase the internalization of oligoarginines this chromophore group was attached to the N-terminal amino group of peptide 8. Coupling of this group (peptide 10) slightly attenuated binding, but its fluorescent derivative (peptide 11) had improved internalization ability into HL-60 and HEK-293T cells (Figure 2D and Figures 3, 4). Its internalization was 10–24 times higher at different concentrations compared to the peptide without the Dabcyl-group. To improve the binding of peptide 10, several cyclic and bicyclic peptide derivatives were synthesized. There are many examples where cyclic or bicyclic peptides were used as efficient PPI inhibitors (Cardote and Ciulli, 2016; Lennard et al., 2019; Colarusso et al., 2020). First, a medium sized cyclic peptide was made, where the hydrophobic binding region and the spacer sequence (15) was cyclized. This cyclic peptide had the same binding as the original peptide, suggesting that cyclization resulted in a structure that is compatible with binding. Next, the same cyclic derivative (13) without Ile14 was tested. This Ile may promote binding but it is not necessary for it. Our idea was that the cyclization may be enough for binding and the peptide can be shortened. Indeed, this shorter cyclic peptide (13) had a slightly better binding. The different size of the cycle may change the structure and the flexibility of the cyclic peptide. When only the region that is responsible for binding to the hydrophobic docking groove was cyclized (12) a smaller cyclic peptide was formed, likely having a more rigid structure. When all amino acids were in the cycle (14), the structural flexibility was presumably increased. Both cyclic peptides were designed without Ile14. As both peptides had decreased binding ability, we could conclude that these cycles do not close the peptide into the proper structure. In the final attempt bicyclic peptides (16 and 17) were prepared. These peptides were designed on the basis of the best cyclic form (13), but instead of one cycle, the two parts of the peptide—the binding and spacer regions—were incorporated into two different loops. In these constructs the role of Ile14 was also examined. Interestingly, the bicyclic peptide with Ile14 (16) was more effective than the bicyclic peptide without Ile14 (17). This may suggest that in case of a more rigid structure the extra hydrophobic amino acid (Ile14) could promote stronger interaction with the enzyme. It is noteworthy that only the best bicyclic peptide showed stronger binding to ERK2 than to p38. Cyclization can increase the stability of the peptides in vivo, suggesting that the bicyclic construct can be stable enough to have inhibitory activity on the intracellular activity of ERK2 or p38. Peptide 16 indeed affected ERK and p38 phosphorylation levels in cells, but our results also showed that it is not straightforward to predict the impact of cell-penetrating docking motif containing peptides on these signaling pathways. There are many interaction partners of these proteins in the cell which can all compete with each other and with the peptides for binding the MAPK docking. Further complexity comes from the fact that some of the MAPK partners are activators (MAPK kinases), others are deactivators (phosphatases) or regulatory proteins (scaffolds) and the relative concentration of all these—in comparison to the “inhibitory” MAPK docking groove targeting peptide‘s intracellular concentration—will collectively determine the final output. For example, Figure 5 shows that peptide 16 at 100 µM has greater inhibitory effect at higher EGF concentration, because the relative concentrations of the interaction partners are different. In the case of p38 pathway activation by sorbitol, the inhibitory effect of peptide 16 was observed at low concentration only, but at higher concentrations the peptide enhanced p38 activation. In addition, the peptide in unstimulated cells (Figure 5, Mock) increased the p38 phosphorylation level, possibly because that peptide interferes with the binding of negative regulators such as phosphatases in the resting state, too. A biological parable that demonstrates the complexity of MAPK docking is the case of the so-called “sevenmaker” mutation in the ERK2 MAPK docking groove (D319N). This mutation affects an important docking groove residue and causes elevated ERK2 pathway output in cells because the docking of phosphatases to this mutant is more affected than the binding of upstream activators or downstream substrates (Bott et al., 1994). This “biological” example shows that selective and engineered perturbation of this complex PPI system is conceptually possible but it also suggests that the impact of docking based “inhibitory” peptides on MAPK signaling pathways in cells could be more complex than simple blocking of MAPK phosphorylation. This provides challenges but also opportunities for MAPK activity modulation.
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ADAM and ADAMTS are two large metalloproteinase families involved in numerous physiological processes, such as shedding of cell-surface protein ectodomains and extra-cellular matrix remodelling. Aberrant expression or dysregulation of ADAMs and ADAMTSs activity has been linked to several pathologies including cancer, inflammatory, neurodegenerative and cardiovascular diseases. Inhibition of ADAM and ADAMTS metalloproteinases have been attempted using various small molecules and protein-based therapeutics, each with their advantages and disadvantages. While most of these molecular formats have already been described in detail elsewhere, this mini review focuses solely on peptide-based inhibitors, an emerging class of therapeutic molecules recently applied against some ADAM and ADAMTS members. We describe both linear and cyclic peptide-based inhibitors which have been developed using different approaches ranging from traditional medicinal chemistry and rational design strategies to novel combinatorial peptide-display technologies.
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INTRODUCTION
The “A-disintegrin and metalloproteinase” (ADAM) and “A-disintegrin and metalloproteinase with thrombospondin motifs” (ADAMTS) are closely related matrix zinc-dependent metalloproteinases that belong to the adamlysin protein family (Takeda, 2016). Most ADAM metalloproteinases are membrane-anchored enzymes while the ADAMTS family comprises only secreted proteins. Both ADAM and ADAMTS proteins show a multi-domain structure and are mainly localised in the extracellular matrix (ECM) (Zhong and Khalil, 2019). Despite their structural similarities, each protein member possesses different variable domains which ensure both function and tissue specificity (Supplementary Figure 1). The domain organisation and function of each ADAM and ADAMTS protein has been extensively described elsewhere (Takeda, 2016). Briefly, ADAM proteins are responsible for shedding cell-surface protein ectodomains, such as the latent forms of growth factors, cytokines, receptors, and other molecules. Furthermore, ADAMs contribute to a wide array of biological processes, including cell adhesion, migration and signaling (Huovila et al., 2005; Seegar and Blacklow, 2019). From the twenty-one human ADAM members identified so far, only thirteen are proteolytically active (ADAM−8, −9, −10, −12, −15, −17, −19, −20, −21, −28, −30, −33, and −DEC1) whereas the other eight appear to be catalytically inactive (ADAM−2, −7, −11, −18, −22, −23, −29, and −32) (Edwards et al., 2009; Seegar and Blacklow, 2019). It has been shown that members of the latest group play important roles in development, and function as adhesion molecules rather than proteinases. However, the physiological function of the inactive ADAMs remains largely unknown.
Unlike ADAMs, all ADAMTS proteins are catalytically active and contain a varying number of C-terminal thrombospondin type-1 (TSP-1) motifs instead of the ADAM transmembrane and cytoplasmic domains (Apte, 2020). ADAMTSs participate in ECM maintenance, tissue morphogenesis and remodeling by cleaving a large number of matrix proteins (Kelwick et al., 2015; Apte, 2020). ADAMTS family consists of nineteen members that can be sub-classified according to their known substrates, namely aggrecanases or proteoglycanases (ADAMTS−1, −4, −5, −8, −9, −15 and −20), procollagen N-propeptidases (ADAMTS−2, −3 and −14), cartilage oligomeric matrix protein (also known as thrombospondin-5) cleaving proteinases (ADAMTS−7 and −12), von Willebrand factor (VWF) cleaving proteinase (ADAMTS-13) and a group of orphan enzymes (ADAMTS−6, −10, −16, −17, −18 and −19) (Kelwick et al., 2015; Apte, 2020).
Aberrant expression or dysregulation of ADAMs and ADAMTSs activity has been linked to the development of cancer (Sun et al., 2015; Jackson et al., 2017) and numerous inflammatory (Lambrecht et al., 2018; Mead and Apte, 2018), neurodegenerative (Duffy et al., 2009; Lemarchant et al., 2013) and cardiovascular (Zhong and Khalil, 2019; Santamaria and de Groot, 2020) diseases to name but a few. Hence, ADAM and ADAMTS proteins represent important drug targets for the prevention and treatment of several human diseases.
Inhibition of ADAM and ADAMTS metalloproteinases have been attempted using various small molecules. The majority of these molecules bear either the hydroxamate, carboxylate, thiolate, tartrate, phosphinate, thiadiazole, hydroxyquinoline or imida-zolidine-2,4-diones groups, which are capable of competitively binding the zinc ion present in the catalytic site of the metalloproteinase (Moss et al., 2001; Georgiadis and Yiotakis, 2008; Yiotakis and Dive, 2009). In addition, inhibitory molecules lacking a zinc-binding moiety have also been reported (Gilbert et al., 2011). Despite the different approaches attempted, these conventional small molecule-based inhibitors have mostly had limited success in the clinic (Georgiadis and Yiotakis, 2008; Moss and Minond, 2017). Failures have often been attributed to off-target effects due to structural similarities among the active sites of the different metalloproteinases and the consequent toxicities associated (Supplementary Figure 2) (Georgiadis and Yiotakis, 2008; Tortorella et al., 2009; Raeeszadeh-Sarmazdeh et al., 2020). As a result, there is a great interest in developing novel ADAM and ADAMTS inhibitors that can selectively target a single member of each family. Efforts to generate more effective therapies have led to the development of protein-based inhibitors such as monoclonal antibodies and tissue inhibitors of metalloproteinases (TIMPs) which are currently being tested in advanced clinical trials (Santamaria and de Groot, 2019; Raeeszadeh-Sarmazdeh et al., 2020). Unlike small molecule-based inhibitors, protein-based therapeutics offer a higher selectivity due to a larger surface of interaction and therefore, reduced toxicity. Indeed, most protein-based inhibitors do not bind the active site of the ADAM and ADAMTS enzymes but recognise surface-exposed loops that are poorly conserved between closely related family members. Inhibition appears to occur through a variety of mechanisms including i) binding at or near the active site to block substrate access (direct manner) or ii) binding to regions that are allosterically linked to the active site region (indirect manner) (Wu et al., 2007; Raeeszadeh-Sarmazdeh et al., 2020). A major drawback of protein-based therapeutics compared to small molecule inhibitors is that they are not orally available and therefore need to be injected either subcutaneously or intravenously.
While most of these small-molecules and protein-based inhibitors have been thoroughly described elsewhere (Moss et al., 2001; Georgiadis and Yiotakis, 2008; Yiotakis and Dive, 2009; Murumkar et al., 2010; Gilbert et al., 2011; El Bakali et al., 2014; Santamaria et al., 2017; Malemud, 2019) this mini review focuses exclusively on peptide-based inhibitors, an alternative and emerging type of ADAMs and ADAMTSs metalloproteinase inhibitors. Similar to the protein-based inhibitors, peptides inhibitors are capable of binding the target with a surface of interaction large enough to obtain high efficiency and selectivity (Pelay-Gimeno et al., 2015; Atangcho et al., 2019). Like small molecules, peptide-based inhibitors can be synthesised chemically, possess ease of modification, low toxicity, and reduced antigenicity. Their modular structure and the commercial availability of hundreds of amino acid building blocks simplifies the rapid development of peptides with tailored properties (Rastogi et al., 2018; Muttenthaler et al., 2021). Here, we will mention examples of both linear and cyclic peptide-based inhibitors and the different approaches undertaken for their development will be described.
PEPTIDE-BASED INHIBITORS OF ADAMS
To date, peptide-based inhibitors have been successfully developed against only two members of the ADAM family: ADAM-8 and ADAM-17 (Figure 1 and Supplementary Table 1). The latter one, also known as tumor necrosis factor-α converting enzyme (TACE), is involved in shedding the proinflammatory cytokine tumor necrosis factor-a (TNF-α) at the cell surface (Zunke and Rose-John, 2017). Altered activity of ADAM-17 has been associated with the onset of numerous inflammatory diseases, such as cardiac hypertrophy, arthritis, Chron’s disease and cancer (Feldmann and Maini, 2008; Moss and Minond, 2017; Lambrecht et al., 2018). The first peptide-based inhibitors targeting ADAM-17 were identified using synthetic combinatorial libraries of seven amino acids-long peptidomimetics (Hu et al., 2005a; Hu et al., 2005b). Libraries were designed to mimic the sequence of the cleavage sites in denatured collagen type II and include zinc-ion chelating side-groups. The screening revealed two low micromolar inhibitors, named regasepin 1 (Figure 1A) and regasepin 2, that inhibit related metalloproteinases MMP-8 and MMP-9 with similar potency (Supplementary Table 1; (Hu et al., 2005b; Dillen et al., 2006)). Further structure-based optimisation of regasepin 1 led to the generation of a small peptide repertoire bearing different D-form amino acids in place of Val and Lys in position P1′ at P2′, respectively. The best selected peptide, named (D-Pyr)-(D-Cys)-Bip-(D-Cys) (Figure 1B), showed an 8-fold higher potency (IC50 = 600 nM) than regasepin 1, 14-fold better selectivity against MMP-9 and 46-fold against MMP-3. However, no specificity for MMP-8 has been shown yet (Supplementary Table 1; (Qiu et al., 2012)). Similarly, Geurink and colleagues applied a synthetic combinatorial library of ninety-six enantiopure peptidomimetics bearing a zinc binding hydroxamate group at the N-terminal and identified eight peptide variants capable of inhibiting ADAM-17 with potencies in the sub-nanomolar to low micromolar range (Geurink et al., 2008). One peptide, named PL (Figure 1C), revealed an IC50 of 92 nM against ADAM-17 and showed 40-fold better selectivity against MMP-9 but limited selectivity for MMP-12 (Supplementary Table 1). By using a virtual combinatorial library of peptides derived from the TNF protease inhibitor 2 (TAPI-2), a broad-spectrum peptide inhibitor of ADAM-17 bearing a hydroxamate group, Wang and colleagues identified two linear peptides, named Hxm-Phe-Arg-Gln (Figure 1D) and Hxm-Phe-Ser-Asn (Figure 1E) that exhibited high potency toward ADAM-17 (Ki = 47 and 92 nM, respectively) and moderate selectivity toward ADAM-10 (5-fold and 7-fold, respectively; Supplementary Table 1; (Wang et al., 2016)). Furthermore, Schaal and colleagues discovered novel peptide-based inhibitors of ADAMs by screening θ-defensins, a family of eighteen-amino acid macrocyclic peptides expressed exclusively in granulocytes and selected epithelia of Old World monkeys (Schaal et al., 2017)). The octadecapeptide rhesus θ-defensin-1 (RTD-1) includes six disulfide-linked cysteines (Figure 1F) and inhibited ADAM-17 and ADAM-10 with an IC50 of 110 and 450 nM, respectively (Supplementary Table 1). Notably, RTD-1 showed at least 4-fold better selectivity toward a panel of related MMPs (IC50 = 2–20 μM; Supplementary Table 1). When tested in vivo in a rodent model of rheumatoid arthritis, RTD-1 rapidly suppressed joint disease progression, restored limb mobility, and preserved normal joint architecture (Schaal et al., 2017). Further characterisation of five RTD isoforms (RTDs 1–5) revealed the presence of two macrocycles, RTD-2 (Figure 1G) and RTD-5 (Figure 1H), that inhibited ADAM-17 with IC50 values of 52 and 55 nM, respectively (Supplementary Table 1; (Schaal et al., 2018)).
[image: Figure 1]FIGURE 1 | Peptide inhibitors of ADAM proteins. (A) Chemical structure of regasepin 1 linear peptide (PRC(Bip)CGE); (B) Chemical structure of regasepin 1-derived linear peptide (D-Pyr)-(D-Cys)-Bip-(D-Cys); (C) Chemical structure of peptide PL (Hisb-LPK-NH2); (D) Chemical structure of linear peptide Hxm-FRQ; (E) Chemical structure of linear peptide Hxm-FSN; (F) Schematically depicted structure of polycyclic octadecapeptide rhesus θ-defensin-1 (RTD-1) peptide; (G) Schematically depicted structure of polycyclic octadecapeptide rhesus θ-defensin-2 (RTD-2) peptide; (H) Schematically depicted structure of polycyclic octadecapeptide rhesus θ-defensin-5 (RTD-5) peptide; (I) Chemical structure of cyclic peptide BK1361 (RLsKDK); (L) Chemical structure of cyclic peptide 3 (RLhSβKDK); (M) Chemical structure of cyclic peptide 9 (RL*AβKDK); (N) Chemical structure of cyclic peptide 19 (RL*hSβKDK). Indicated half maximal inhibitory concentration (IC50) and inhibition constant (Ki) values were reported as published. The targeted ADAM protein is reported near the IC50 or Ki value. Legend: Bip = biphenylalanine, Pyr = pyridylalanine, Hisb = (R)-2-isobutylsuccin hydroxamate moiety, Hmx = hydroxamate moiety, s = D-serine; hSβ = β-homoserine, Aβ = β-alanine, L* = homoleucine. The side chains that differentiate from the parental peptide are shown in red.
Another widely investigated sheddase is ADAM-8, a proteolytically active member of the ADAM protease family involved in numerous inflammatory processes (Schlomann et al., 2000) and neoplasia (Fritzsche et al., 2006; Romagnoli et al., 2014). By applying structural modeling and peptidomimetic approaches, Schlomann and colleagues generated a series of six amino acids cyclic peptides mimicking the RLSKDK motif of the mouse ADAM-8 (Schlomann et al., 2015). To enhance its potency and further increase its stability in vivo, the peptide sequence was constrained through cyclisation and modified with D-form amino acids in place of Arg, Leu, or Ser. The most potent cyclic peptide sequence contains a D-Ser (“s”) (RLsKDK) (Figure 1I). The RLsKDK, also named BK-1361, inhibited ADAM-8 with IC50 of 182 nM. Importantly, BK-1361 showed more than 100-fold better selectivity toward other related metalloproteinases such as ADAM−9, −10, −12, −17 and MMP-2, −9, −14 (Supplementary Table 1). Notably, when tested in a mouse model of pancreatic ductal adenocarcinoma (PDAC), BK-1361 led to reduction of tumor load, infiltration and metastasis. Thus, further supporting the important role of ADAM-8 in PDAC development (Schlomann et al., 2015). Additional structure-activity relationship studies on BK-1361 enabled the generation of eighteen structural analogue peptidomimetics (Yim et al., 2016). Among all tested cyclic peptides, peptides 3 (Figure 1L), 9 (Figure 1M) and 19 (Figure 1N) showed comparable or slightly higher inhibitory potency than the parental BK-1361 (Supplementary Table 1) (Yim et al., 2016).
PEPTIDE-BASED INHIBITORS OF ADAMTSS
The physiological function of ADAMTSs and their role in numerous pathologies have been described only recently (Zhong and Khalil, 2019; Apte, 2020). The first member of this family, ADAMTS-1, was characterised for the first time in 1997 (Kuno et al., 1997). Since then, few examples of peptide-based inhibitors against ADAMTSs have been reported (Tortorella et al., 2000; Hills et al., 2007; Di Stasio et al., 2008; Moriki et al., 2010; Pillai et al., 2016; Zhang et al., 2018).
Recently, major efforts have been devoted to developing peptide-based inhibitors against two members of the ADAMTS family: ADAMTS-4 and ADAMTS-13 (Figure 2 and Supplementary Table 2). ADAMTS-4 cleaves proteoglycans such as aggrecan and versican, which play a structural role in many tissues (Fosang and Little, 2008). In fact, degradation of aggrecan is a clinical hallmark of degenerative joint disorders such as osteoarthritis Zhang et al. (2013), Yang et al. (2017) and rheumatoid arthritis (Mead and Apte, 2018). The first peptide-based inhibitors targeting ADAMTS-4 were identified using linear peptides derived from the TSP-1 motif located at the C-terminus of the aggrecanase-1, an enzyme involved in cartilage degradation. The best selected peptide, peptide 2 (Figure 2A), showed an IC50 of 3 µM against ADAMTS-4 (Supplementary Table 2; (Tortorella et al., 2000)). With the aim of identifying the cleavage motif of ADAMTS-4, Hills and co-workers applied phage display of random thirteen-amino acid linear peptide libraries to isolate seven-amino acid cleaved peptides with a wide range of potencies (Hills et al., 2007). Two linear peptides, B05 and B06, inhibited ADAMTS-4 with potencies in the micromolar range (IC50 = 35 μM) and exhibited good selectivity toward the homologue ADAMTS-5 (Supplementary Table 2; Hills et al., 2007). Further studies revealed the importance of Glu in position P1 for substrate recognition and led to the development of novel synthetic peptides with modified stereochemistry of P1 and P1'. These two selected peptides inhibited ADAMTS-4 with IC50 values of 8 μM (peptide 4, Figure 2B) and 10 μM (peptide 3, Figure 2C) (Hills et al., 2007). Recently, Zhang and colleagues used computational modeling to develop peptide-based inhibitors from a loop of the N-terminal domain of TIMP3, a protein inhibitor of ADAMTS-4 (Zhang et al., 2018). Further peptide cyclisation diminished flexibility and enabled the generation of constrained molecules with reduced entropic penalty and improved binding affinities. Cyclised peptides 62CASESLC68 (Figure 2D), 61CEASESLAGC70 (Figure 2F) and 60CTEASESLAGC70 (Figure 2E) showed bindings constants in the micromolar range (Kd = 25 μM, Kd = 3.7 μM and Kd = 18 μM, respectively) and three- to 9-fold increased affinity over the linear peptides (Supplementary Table 2).
[image: Figure 2]FIGURE 2 | Peptide inhibitors of ADAMTS proteins. (A) Aminoacidic sequence of linear peptide 2 derived from the C-terminus TSP-1 motif of aggrecanase-1; (B) Chemical structure of B05-derived linear peptide 4 (KHN(e)FRQRETYMVFKGK); (C) Chemical structure of B06-derived linear peptide 3 (DVQ(e)FRGVTAVIR); (D) Chemical structure of cyclic peptide 62CASESLC68; (E) Chemical structure of cyclic peptide 60CTEASESLAGC70; (F) Chemical structure of cyclic peptide 61CEASESLAGC70; (G) Aminoacidic sequence of linear peptide VWF-73 peptide (Met1606-Arg166) derived from C-terminal region of the multimeric von Willebrand factor (VWF); (H) Aminoacidic sequence of linear peptide epitope-A (PP-a); (I) Aminoacidic sequence of linear peptide epitope-B (PP-b); (L) Aminoacidic sequence of polycyclic human neutrophil peptide 1 (HNP-1); (M) Aminoacidic sequence of polycyclic human neutrophil peptide (HNP-2). Indicated half maximal inhibitory concentration (IC50), inhibition constant (Ki) and dissociation constant (Kd) values were reported as published. The targeted ADAMTS protein is reported near the IC50, Ki, or Kd value.
In addition to ADAMTS-4, peptide-based inhibitors against ADAMTS-13 have been also developed. ADAMTS-13 is a metalloproteinase which cleaves the von Willebrand factor (VWF), a blood glycoprotein involved in haemostasis (Zheng, 2013). The levels of ADAMTS-13 correlate with ischaemic stroke risk, thrombotic thrombocytopenic purpura and microvascular thrombosis (South and Lane, 2018; Santamaria and de Groot, 2020). The first peptide-based inhibitor of ADAMTS-13 was identified by analysing the C-terminal region of the multimeric VWF factor, the VWF-73 peptide (Glu1660—Arg1668; Figure 2G) (Di Stasio et al., 2008). By elucidating the interaction of linear VWF-73 peptide with ADAMTS-13, Di Stasio and colleagues determined that inhibition occurs with a Ki value of 1 μM (Supplementary Table 2). Furthermore, Moriki and colleagues applied phage display technology to identify two novel ADAMTS-13-derived peptide epitopes capable of binding VWF factor. Selected synthetic linear peptides PP-a and PP-b (Figures 2H,I) exhibited Kd values of 4.1 and 0.3 µM, respectively, and inhibited ADAMTS-13 with IC50 values of 125 μM (PP-a) and 50 μM (PP-b) (Supplementary Table 2) (Moriki et al., 2010). Finally, Pillai and co-workers showed that polycyclic human neutrophil peptides (HNP) inhibit the proteolytic cleavage of peptide VWF-73 and multimeric von Willebrand factor in a concentration-dependent manner. HNP-1 and -2 (Figures 2L,M) showed inhibitory concentrations in the low micromolar range and binding constants in the sub-micromolar range (Supplementary Table 2) (Pillai et al., 2016).
CONCLUSIONS AND PERSPECTIVES
ADAM and ADAMTS metalloproteinases play a significant yet complex role in several types of cancer, as well as in diverse inflammatory, neurodegenerative and cardiovascular diseases. Thus, a plethora of small chemical molecules and a few large proteins, such as monoclonal antibodies, have been developed to inhibit ADAM and ADAMTS metalloproteinases. While small chemical molecules often lack specificity and turn to be toxic, therapeutic proteins require high manufacturing costs and subcutaneous or intravenous administration. In this sense, peptide-based drugs offer a good alternative strategy with a surface of interaction large enough to obtain both high potency and selectivity, and yet small enough to diffuse into tissues. Other distinctive properties of peptides include chemical synthesis, ease of modification, low toxicity and reduced antigenicity. However, despite these favourable traits, peptides often have a relatively short circulating half-life and exhibit poor membrane permeability, which limit their broad applicability. While their systemic half-life can be prolonged by chemical conjugation to synthetic and natural polymers, or through non-covalent binding to endogenous proteins, such as serum albumin (Zorzi et al., 2019), reaching intracellular targets, on the other hand, is still a daunting task for peptide-based drugs. Although recent developments in chemical cyclization, methylation and the use of non-proteinogenic amino acids have led to promising results to overcome this problem, more accessible targets would also help to bypass the delivery strategies challenges (Cunningham et al., 2017; Lenci and Trabocchi, 2020). In this regard, ADAM and ADAMTS proteins have a peripheral extracellular localisation, which makes them ideal targets of peptide-based drugs. Moreover, the existence of multiple ADAM and ADAMTS homologues leverage the better selectivity of peptides (driven by their larger surface area and chiral complexity) over small-molecule drugs. The majority of linear and cyclic peptide inhibitors described in this mini review were developed using traditional medicinal chemistry approaches and structure–activity relationship studies on natural substrates and/or endogenous inhibitors. However, the specificity of some of the peptide inhibitors described here have not been fully investigated and none of them have reached a pre-clinical stage yet. Nevertheless, their development demonstrates that peptides represent valid molecular modalities for blocking the activity of ADAM and ADAMTS proteins. Indeed, the advent of novel DNA-encoded chemical libraries (Neri and Lerner, 2018) and superior peptide display technologies (Linciano et al., 2019; Sohrabi et al., 2020; Peacock and Suga, 2021) will enable the high-throughput screening of large combinatorial libraries, facilitating the discovery of novel potent and selective compounds with improved properties on short timescales (Sohrabi et al., 2020). Integration of these powerful combinatorial approaches with better automation, innovative chemical modification strategies and emerging computational methods will contribute to the development of better peptide-based inhibitors against ADAM and ADAMTS proteins, which have the potential to be used in the clinic in the near future.
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Macrocycles are attractive structures for drug development due to their favorable structural features, potential in binding to targets with flat featureless surfaces, and their ability to disrupt protein–protein interactions. Moreover, large novel highly diverse libraries of low-molecular-weight macrocycles with therapeutically favorable characteristics have been recently established. Considering the mentioned facts, having a validated, fast, and accurate computational protocol for studying the molecular recognition and binding mode of this interesting new class of macrocyclic peptides deemed to be helpful as well as insightful in the quest of accelerating drug discovery. To that end, the ability of the in-house supervised molecular dynamics protocol called SuMD in the reproduction of the X-ray crystallography final binding state of a macrocyclic non-canonical tetrapeptide—from a novel library of 8,988 sub-kilodalton macrocyclic peptides—in the thrombin active site was successfully validated. A comparable binding mode with the minimum root-mean-square deviation (RMSD) of 1.4 Å at simulation time point 71.6 ns was achieved. This method validation study extended the application domain of the SuMD sampling method for computationally cheap, fast but accurate, and insightful macrocycle–protein molecular recognition studies.
Keywords: molecular recognition, macrocyclic, supervised molecular dynamics, thrombin, tetrapeptide
INTRODUCTION
The ever-increasing expeditious development of computer hardware, software, and algorithms has positively contributed to many domains of research such as drug design. The developed computational methods, namely, molecular docking and molecular dynamics (MD) simulations, to name but two, greatly reduce the time and cost of drug development, in a way that in silico modeling tools are highly utilized in the research ambit of drug discovery (Muegge et al., 2017; Salmaso et al., 2017; Lin & Li, 2020). Particularly, the investigation of the binding mode, following the steps of varied ligand–target recognition pathways, and exploring their interactions have been claimed to be the area of impressive application of MD computational protocols (Salmaso et al., 2017).
Molecular dynamics simulations are considered an endorsed computational method in which by integrating the numerical solution of the Newton equation of motion, the time-dependent evolution of a molecular system can be revealed and described. However, obtaining a complete molecular recognition trajectory leading to binding, from the unbound to the bound state, is a rare event, and to capture moments of importance, therapeutically speaking, via a free classical molecular dynamics approach requires a long microsecond timescale and therefore massive computing resources even with the novel GPU-based protocols (Buch et al., 2011; Dror et al., 2011; Shan et al., 2011).
Our in-house alternative MD approach, compared to the classical method, named supervised molecular dynamics (SuMD), improves the efficiency of sampling a binding event and decreases the simulation time from a microsecond (µs) to a nanosecond (ns) timescale (Sabbadin and Moro, 2014). To do that, it applies a tabu-like algorithm to monitor the distance between the ligand center of mass and the target binding site center of mass during a short classical MD simulation; only productive simulations in terms of reducing this distance are considered productive. Despite the exploration of the recognition event, SuMD has been previously proved to be able to reproduce the experimental bound state of various kinds of complexes with great geometric accuracy. Its already validated application domain covers the molecular recognition simulation of small molecules, natural linear peptides, most classic peptidomimetics, and nucleic acids (Bissaro et al., 2020).
Among different classes of compounds, macrocycles are attractive structures for drug development, due to their potential in binding to “undruggable and canonical small molecules or proteins” (Kale et al., 2019). Macrocyclic peptides represent an efflorescing class of molecules potentially targeting numerous disease-related protein targets otherwise intractable via established pharmacological approaches (Passioura, 2020). Several remarkable characteristics can be considered for this class of molecules. First, compared to linear peptides, they are relatively stable and less prone to protease degradation. The cyclization also confers advantages such as having a compromised state between a flexible and a preorganized structure required for dynamic interactions with protein targets with a conformational bias; a reduced binding entropy cost can be imagined compared to their linear counterparts (Giordanetto and Kihlberg, 2014). However, it is worth to mention that due to the reduced accessible conformational states, shifting the structure—upon macrocyclization—toward states that can anticipate bioactivity for a specific target binding site is consequential because otherwise the non-bioactive conformation stabilization can slow down the binding. Therefore, identification of highly populated conformations of macrocycles is of significance when it comes to drug design (Kamenik et al., 2018). Moreover, it has been shown that macrocyclic peptides are capable of selectively binding to relatively shallow, flat, and featureless protein surfaces often involved in clinically important protein−protein interactions (PPIs), in a fashion similar to antibody-based therapeutics and conversely to small molecules which generally need a pocket to bind (Deyle et al., 2017; Vinogradov et al., 2019). Furthermore, thanks to their amino acid composition, a low innate toxicity is anticipated which is of advantage as therapeutic modalities. Being synthetically accessible makes possible lead optimization attempts and altering biophysical properties in terms of binding affinity and specificity, proteolytic stability, and/or solubility improvement for a particular purpose. A variety of macrocyclization reactions have been devised over the years, and now different topologies can be easily synthetically available (Vinogradov et al., 2019). However, this interesting class of molecules has been underrepresented in numbers and diversity in the available libraries (Kale et al., 2019). In recent years, innovative approaches evolved for further development of cyclic peptides, such as generating and screening large combinatorial cyclic peptide libraries using in vitro display. These attempts have increased the availability and potential screening of ten to hundreds of thousands up to 1 trillion compounds or more highly diverse macrocycles with extraordinary target affinity, selectivity, and bioactivity (Deyle et al., 2017; Taylor et al., 2017; Kale et al., 2019; Passioura, 2020). In a recent research project of Kale et al., via novel thiol-to-amine cyclization reactions, they introduced a strategy that enables the generation of a high-yield purification-free large library of diverse macrocycles to screen for various targets in an efficient, relatively small-effort manner. Generating a library containing 8,988 macrocycles of sub-kilodalton molecular weight (ideal for addressing the lingering challenge of macrocycles) and screening of this library against thrombin and other homologous targets identified a potent selective thrombin inhibitor called P2 (Ki = 42 ± 5 nM) (Kale et al., 2019).
Given the emerged perspective stemming from all referred above, having a reasonably fast and accurate computational method like SuMD for studying the molecular recognition pathway and reproduction of an experimentally comparable binding mode of this promising macrocyclic class of peptides is deemed significant. With that intent, through this study, the ability of the SuMD protocol in the reproduction of the X-ray crystallography final bound state of the candidate macrocyclic peptide P2 as a potent thrombin inhibitor was evaluated.
P2 is a tetrapeptide composed of “glycine”–“L-beta-homoproline”–“ arginine”–“cysteine” cyclized with a linker of di-bromomethyl benzyl and an N-(2-(hydroxymethyl)benzyl) substituent coming from an additional reaction of the linker (Figure 1). P2 is proved to be a highly selective inhibitor for thrombin with a snug fit of the specific backbone to the target, while it did not show any considerable inhibition for other homologous structurally and functionally similar proteases such as activated protein C (APC) and tissue plasminogen activator (tPA), to name but two (Kale et al., 2019). A representation of thrombin in complex with the P2 structure is shown in Figure 1. During library screening, another macrocycle called P1 with a similar structure to P2 and merely lacking the hydroxymethyl-benzyl moiety showed three orders of magnitude lower inhibition constant than P2 (Kale et al., 2019). Given that and the fact of any experimentally reported binding state not being available for P1, the idea to try simulating a probable binding mode of P1 in addition and possibly hypothesizing the inhibition potency difference through our in silico studies was emerged.
[image: Figure 1]FIGURE 1 | (A) The structure of P2 is shown; the hydroxymethyl-benzyl moiety (in green) that is lacking in the P1 macrocycle is highlighted by a black frame. (B) Thrombin in complex with P2; thrombin structural determinants for its function and client recognition are also reported.
The protein target in this study, thrombin, is a typical trypsin-like serine protease and the final generated protease during the blood coagulation cascade. It is worth raising the point that distinct structural features are present in this single protease for the recognition ability of different substrates in a specific manner (Huntington, 2005; Huntington, 2008). As reported in Figure 1, the walls of a deep active site cleft—often referred to as canyon—are formed by the two insertion loops known as the 60-loop and γ-loop. The upper 60-loop, is a rigid, hydrophobic cap over the active site, while the more hydrophilic and flexible γ-loop is situated at the downside of the cleft. A constricted access to the catalytic site of thrombin is provided only to proteins with long, flexible substrate loops (Huntington, 2005). The substrate recognition within the active site of thrombin occurs thanks to favorable interactions between the P1 residue [according to the Schechter and Berger nomenclature of amino acid residues around the substrate scissile bond (Schechter and Berger, 1967)] and the deep acidic S1 pocket (Asp189, Ser190, Gly219), as well as the presence of hydrophobic/aromatic residues N-terminal to P1 occupying the S2 pocket (Tyr60A and Trp60D as the main residues) and S3 (the aryl-binding pocket composed of Trp215, Leu99, Ile174) (Huntington, 2005; He et al., 2015; Fong, 2017). Apart from the active site, three other regions are involved in the diverse specific recognition of different substrates. There are two electropositive exosites, termed anion-binding exosites (ABEs) and a sodium-binding site. The all-natural thrombin substrate directly or via cofactor mediation establishes contacts with at least one exosite and usually both; this represents the prerequisite event to form initial stable complex conformation needed for the peptide bond cleavage (Chahal et al., 2015; Huntington, 2005, 2008). The sodium-binding site, 15 Å away from the catalytic triad (His57, Asp102, Ser195), with Na+ coordinated to the main chain oxygen atoms of Arg221a and Lys224 and four conserved water molecules, is considered another allosteric activity modulator site of this protease, helping the maintenance of the hemostatic balance. Upon binding to sodium, thrombin shifts toward a conformation known as “fast conformation” able to cleave all procoagulant substrates such as fibrinogen- and protease-activated receptors more readily. On the contrary, in the Na-unbound “slow” state, the protein C anticoagulant pathway is preferentially activated. Under physiologic conditions, the 140 mmol/L Na+ concentration in the blood would not saturate the site, and a present 2:3 ratio of slow: fast states accounts for optimal allosteric regulation of anticoagulant: procoagulant activities and hemostasis (Di Cera, 2003; Huntington, 2008; Kahler et al., 2020).
MATERIALS AND METHODS
Computational Study Infrastructure
This project was carried out on a hybrid GPU–CPU Linux cluster of 280 CPU cores and 30 NVIDIA graphic cards.
Structure Preparation
To begin with the simulation, the three-dimensional coordinates of the crystal structure of thrombin bound to the P2 macrocycle (PDB ID: 6GWE) were retrieved from the RCSB Protein Data Bank (PDB) with a resolution of 2.3 Å (Kale et al., 2019). Then, using MOE suite (Molecular Operating Environment (MOE) & Chemical Computing Group ULC) version 2019.01, the structure was checked and modeled (via the loop modeler plugin) for the missing loop, 3D protonated, and energy minimized regarding the energy of the added hydrogens and their positions. For this study, one of each unique chain which is chain A with 257 residues and chain B with 30 residues in their sequence, in addition to the sodium ion bound to the chain A sodium binding loop, was kept. The modeled eight-residue missing loop between Glu146 and Gly150 amino acid sequences comprised of TWTANVGK.
Solvated System Setup and Equilibration
All MD simulations were carried out using AMBERTools14 (Case et al., 2014). To parameterize the ligand, the Antechamber tool (Wang et al., 2006) in conjunction with a general Amber force field (GAFF) (Wang et al., 2004) was utilized to classify atom and bond types, assign charges, and estimate force field parameters. The charge method AM1-BCC of the GAFF which is semi-empirical was used in this study. The solvation box with charge neutrality and physiological ionic strength (0.154 M in Na+ and Cl− ions), as well as complex system parameters and topology files, was prepared using tLEaP (Case et al., 2005). Protein and water were represented by Amber ff14SB (Maier et al., 2015) and TIP3P (Jorgensen et al., 1983) models, respectively, in the prepared system. In all SuMD replicas, simulation starts with the ligand located 40 Å far from the orthosteric active site at time zero, which is a distance bigger than the electrostatic cut-off term used in the simulation (9 Å with the Amber force field), to avoid premature interaction during the initial phases of SuMD simulations.
All simulation systems were energy minimized through two equilibration steps. Considering 2 fs as a time step equal to the vibrational frequency of bonds, 500,000 steps (1 ns) of NVT in addition to 500,000 steps (1 ns) of NPT simulations were carried out. Gradual reduction of harmonic positional constraints by a force constant of 5 kcal mol−1 Å−2 was applied in both steps. In the first equilibration, ions (except bounded Na+ in the sodium-binding loop) and water were kept free, while protein and ligand atoms were constrained. However, in the second equilibration, the constraints were kept only on the alpha carbons of the protein, as well as ligand atoms and the loop sodium. In both steps, the temperature was maintained at 310 K by a Langevin thermostat with low damping of 0.1 ps−1, and in the second NPT step, the pressure was maintained at 1 atm by a Berendsen barostat as well (Berendsen et al., 1984). To calculate electrostatic interactions with a cubic spline interpolation and a 9.0 Å cut-off for Lennard–Jones interactions, the particle-mesh Ewald (PME) method was utilized (Essmann et al., 1995).
Supervised Molecular Dynamics Production
The SuMD simulations were done in NVT conditions with the temperature equal to 310 K, while the pressure of the system was free to change. To perform a supervised MD simulation, the topology and coordinates of the last frame of the second equilibration phase were used as the starting point. In the configuration file of SuMD, three selected amino acid residues Glu97A, Gly219, Cys191 whose center of mass (CM) approximately defines the binding site CM were inputted. SuMD applies a dynamic selection on the indicated residue position to calculate the center of mass of the binding site. MOE suite was used to determine the center of mass of the co-crystallized ligand regarded as the center of mass of the thrombin active site to be then visually selecting a combination of residues that their center of mass could represent the approximate position of the binding site guiding the supervision. Each SuMD replica was produced on a graphics machine using ACEMD3 (Harvey et al., 2009) as the MD engine. The length of the SuMD steps for SuMD replicas was set to either a 600 ps or a 1 ns time window.
Free (Unsupervised) Classical Molecular Dynamics Production
For each cMD, after system preparation and equilibration steps, the ACEMD3 (Harvey et al., 2009) engine was used with the same settings, except for the simulation length, of the cMD simulation in each SuMD step.
Visualization of the Molecular Dynamics Trajectories
Visual Molecular Dynamics (VMD) (Humphrey et al., 1996) and MOE suite (Molecular Operating Environment (MOE) & Chemical Computing Group ULC) were utilized during this project for molecular visualization and analysis of the trajectories.
Trajectory Versus Trajectory Root-Mean-Square Deviation Calculation
Using MDAnalysis (Michaud-Agrawal et al., 2011; Gowers et al., 2016), a matrix of frames related to the cMD of reference against frames of each SuMD replica was set for comparative root-mean-square deviation (RMSD) calculation. Then via the Seaborn Python library (Waskom et al., 2020), a heat map of the resulting RMSD calculation was illustrated (Figure 2).
[image: Figure 2]FIGURE 2 | Superposition of the P2-reported X-ray crystallography conformation (magenta), frame number 102 (2.04 ns) of reference cMD (green), and frame number 3,579 (71.56 ns) of replica 74 (yellow; the frame with the lowest RMSD value compared to both reported binding conformation and the parallel trajectory analysis reference resulted in the frame). The minimum obtained RMSD compared to the reported binding conformation showed a value of 2.27 Å at time point 71.56 ns. However, considering the observed instability of the reported conformation, parallel frame RMSD calculation of the replica 74 trajectory versus reference cMD trajectory was performed which resulted in the minimum RMSD value of 1.4 Å at 71.56 ns for frame number 3,579 (the same frame with the lowest RMSD value compared to the reported binding conformation). The heat map of the parallel trajectory RMSD analysis of replica 74 versus reference cMD is shown on the top right.
MM-GBSA Energetic Profile Analysis and Clustering
All total free energy calculations in this work were computed using the MMPBSA.py tool (Miller et al., 2012) using the GB-OBC(II) Born solvation model and no entropy calculation. To identify other energetically favorable binding sites and elucidate a P2 ligand−protein recognition scenario, the trajectories of 99 SuMD replicas of P2 were first solvent-dried, aligned, merged, and ten times strided as input for positional clusterization. To do so, ligand sets of coordinates (each set of coordinates corresponds to the ligand conformation in a frame) after discarding noise sets considering a cosine similarity value of 0.01 were clusterized using the OPTICS algorithm of Scikit-learn (Pedregosa et al., 2011). Thereafter, given the MM-GBSA value of the included ligand coordinates in each cluster, the representative ligand conformation with the most favorable energetic value was selected for the corresponding cluster.
RESULTS
Study Principal Outcomes
This study was conducted aiming to extend the application domain of our molecular dynamics supervision method for studies related to models of the sub-kilodalton macrocyclic peptide–protein binding event. As a case study, the SuMD ability to reproduce the X-ray crystallography bound state of the P2 macrocyclic peptide to thrombin was evaluated. To that end, 99 SuMD simulations were performed starting from an unbound state obtained by separating P2 from its binding site by around 40 Å. Among 99 SuMD replicas, 84 trajectories finished with the ligand arriving in the proximity of the binding site and its sub-pockets with different binding orientations and conformations, while 15 trajectories ended with the ligand stopping over a varied site categorized as “failed” based on SuMD termination criteria (far from the binding site). Overall, five trajectories concluded with the ligand reaching the narrow S1 pocket (guanidinium moiety entering S1), all below 100 ns of SuMD-productive simulation time.
To better compare the SuMD results with the experimental structure, the X-ray crystallography complex (reference) was subjected to 200 ns of cMD, allowing to have both systems in similar conditions: equilibrated and relaxed in a fully explicit solvent environment. In fact, during the initial 4 ns of the cMD, a fluctuation within the range of experimental resolution (2.3 Å) was observed, while after 4 ns, a more significant shift of the macrocycle occurred as confirmed by a drop of its RMSD values to above 3 Å and below 5.66 Å until the end (200 ns) was detected (Supplementary Video S1). The mean calculated RMSD during this trajectory was 3.57 ± 0.47 Å (Supplementary Figure S1). Those RMSD values highlight a discrepancy between the experimental bound conformation and the one assumed once the system is equilibrated in a fully explicit solvent suggesting that the cMD could represent a more adequate comparison for SuMD. Indeed, we performed a frame-to-frame analysis of the SuMD trajectory versus cMD trajectory monitoring the ligand RMSD. Among all replicas, replica 74 is deemed the best-produced binding event trajectory for P2. This SuMD simulation (replica 74) with 94 ns duration reproduced a possible binding event trajectory with the most comparability to the X-ray crystallography binding mode. The minimum obtained RMSD compared to the X-ray conformation showed a value of 2.27 Å at time point 71.56 ns. However, considering the cMD trajectory as a reference, the minimum RMSD value is 1.4 Å at the same time point (71.56 ns, frame number 3,579) versus frame number 102 (2.04 ns) of reference cMD (Figure 2).
The simulation started with P2 located 40 Å far from the orthosteric active site (AS) at time zero (Supplementary Video S2), and then upon approaching the AS, the first stable binding occurred from time point 5.5 ns until 43 ns with a mean MM-GBSA free energy (∆G) of −27.1 kcal/mol. As this stopover had enough residence time to break the progressive and continual approach of the ligand, it can be defined as a meta-stable binding site. Afterward, for around 4 ns from time point 48 ns, another stable contact near the active site (∆G = −18.9 kcal/mol) was seen as the ligand was transitioning to the active site area. Then, from 54 ns, a favorable orientation of P2 facilitated the entrance of the fundamental guanidinium moiety to the S1 pocket. From that point, an initial evolution of the final binding state phase was followed by fluctuating but stable similar conformations until the end. The mean total ∆G of the last 22.44 ns (from the RMSDmin frame until the end) resulted in a value of −27.3 kcal/mol compared to the calculated mean total ∆G value of −32.2 kcal/mol in the same duration (22.44 ns) of reference cMD, showing a similar with no meaningful MM-GBSA difference (∆∆G < 5 kcal/mol) energetic profile. Some of the most relevant ligand P2 conformations during this binding trajectory are presented in Figure 3. To evaluate the P2 flexibility, we calculated its RMSD during the best five trajectories; the ligand fluctuates until 5.7 Å, suggesting that a certain flexibility is explored during the recognition (Supplementary Figure S2). To identify significant states during the P2 recognition and their corresponding meta-stable binding sites, all the conformations sampled during all the SuMD trajectories were geometrically clustered resulting in seven clusters (Figure 4). All the clusters showed a favorable average of MM-GBSA binding free energy values compared to the calculated value for the reference binding conformation in the canonical binding site (active site) (Table 1). This outcome suggests multiple energetically favorable binding patches on the thrombin surface for P2. Among all the clusters, the seventh cluster comprised of 2–3 times higher number of frames with the minimum average free energy value of −33 kcal/mol. The position of this cluster population was identified near exosite II. Given high population of the seventh cluster, a highly favorable binding free energy value—closely comparable to the canonical binding site—of this positional cluster is near exosite II which is considered an important contact point for natural thrombin substrates to form an initial stable complex conformation required for the peptide bond cleavage; it can be hypothesized that thrombin inhibition by P2 might be resulted from dual-site inhibition, i.e., allosterically preventing the selective stable recognition of substrates in addition to occupying the orthosteric proteolysis site and thus being a potent thrombin inhibitor.
[image: Figure 3]FIGURE 3 | Some representative P2 poses along the binding trajectory (94 ns) produced in SuMD replica 74 during which P2 starts approaching the active site from 30 Å far from any protein atom at time zero and reaches the binding site and S1 pocket in an experimentally comparable binding mode (RMSDmin = 1.4 Å at 71.56 ns).
[image: Figure 4]FIGURE 4 | Representative frame (minimum MM-GBSA free binding energy in each cluster) and position of each cluster. For the collective illustration of all representing poses on one protein surface, the molecular surface of the reference PDB is selected to be shown here. On the top right reference, the complex is shown to indicate the active site position.
TABLE 1 | Size and energetic analysis of all the clusters obtained during P2 SuMD simulations.
[image: Table 1]Elucidation of the Role of Hydroxymethyl-Benzyl Moiety
Asp1 shares the same structure of P2 except for the presence of a hydroxymethyl-benzyl structure on the latter; a similar binding mode and orientation of the ligand with the guanidinium moiety entering the S1 pocket and the macrocycle occupying the rest of the active site could be hypothesized. For further witnessing of SuMD helpful implication in depicting the molecular basis of the recognition of this class of compounds, we investigate the hydroxymethyl-benzyl role that leads to an increased inhibition activity (three orders of magnitude); SuMD simulations for P1 were additionally performed until reaching a representative replica (Supplementary Video S3) in which P1 fully enters the active site S1 pocket to establish a salt bridge with Asp189. After 18 replicas (in 16 replicas, P1 reached the binding site in different final binding modes, among which six replicas had the supposed orientation and one had expected orientation while entering the S1 pocket), we obtained a possible binding trajectory in which during 34.84 ns of simulation, P1 reached the active site with guanidinium partly inside the S1 pocket as supposed. For further evolution and reaching the most stable conformation, the simulation continued with 50 ns of cMD. After that, a stable conformation was achieved, having a salt bridge with Asp189 and contacting four of the same reference P2 interacting residues (Asp189, Cys220, Gly216, Glu217) (Figure 5).
[image: Figure 5]FIGURE 5 | The reported binding mode interactions of P2 (A) and the interaction panel of P1 simulated the final stable conformation (B).
To compare P1 and P2 from an energetic point of view, the mean total MM-GBSA binding free energy during 50 ns of cMD trajectories was taken into consideration. The calculated total ∆G P1 = −20.2 kcal/mol and total ∆G P2 = −29.3 kcal/mol show a more favorable energy profile in P2 as expected. To be confident about the compared value correctly associated with the final evolved stable P1 binding conformation, similar total ∆G P1 = −20.37 kcal/mol was obtained for the last 6 ns of the P1 continued cMD (RMSDlast 6 ns = 1.4 ± 0.4 Å). The energy landscape of P1 and P2 trajectories (Figure 6) indicates a similar profile characterized by a large number of energetically stable frames when the distance between the centers of mass (dcmL-R) is in the range of 3–7.5 Å. This observation suggests that many ligand states, even if they present different binding modes, contribute to a stable protein–ligand association. The presence of metastable binding sites far from the active site (dcmL-R > 10 Å) is slightly more pronounced in the representative trajectory of P2 where three transient spikes are evident at dcmL-R 9, 15, and 20 Å.
[image: Figure 6]FIGURE 6 | Energy landscape of P2 (A) and P1 (B) representative produced trajectories. The interaction energy calculation is based on the mdenergy function of VMD (Humphrey et al., 1996) and plotted via an in-house pepSuMD analyzer (Salmaso et al., 2017). (A) Along this trajectory, 2–3 local minima can be seen which correspond to meta-stable binding sites for P2. (B) P1 directly goes to the canonical active site during this representative trajectory.
Additionally, to compare P1 and P2 structural characteristics and their possible effects on each ligand dynamics and binding during the SuMD condition, the representative replica of P2 and the P1 residue were selected for further analysis. Given the experimental final binding state of P2, an internal hydrogen bond (2.15 Å/H-O) between the hydrogen atom of the hydroxyl group of the hydroxymethyl-benzyl moiety and the nearby carbonyl group of the macrocycle ring can be seen. This hydrogen bond during the produced binding event trajectory (replica 74) sustains an average value of 2.72 Å (H-O). Considering that, it could be hypothesized that this present internal bond thanks to the hydroxymethyl-benzyl moiety which is absent in P1 contributes to a less flexible structure and a biased maintained conformation necessary for the observed favorable snug-fit binding. To corroborate this idea, the average RMSD of the mutual macrocycle ring of P2 and P1 during the time, in addition to the RMSD of the whole structure of each ligand along their representative SuMD trajectory, was calculated. For this RMSD calculation, all frames of each representative replica were aligned on the comprising atoms of the mutual ring of the corresponding replica’s first frame separately. The calculations obtained in this way indicate the flexibility of the mutual ring and each ligand and not the ligand transition during their molecular dynamics trajectory. The achieved values of the mutual ring and the whole ligand in the P2 trajectory were, respectively, four times and 2.7 times less than calculated values for P1 (average RMSDring/P2 = 0.41 ± 0.15 Å, average RMSD ligand/P2 = 1.62 ± 0.4 Å; average RMSD ring/P1 = 1.68 ± 0.22 Å, average RMSD ligand/P1 = 4.43 ± 0.56 Å). Thus, as expected, this result can quantitatively show a more biased stable conformation for P2 during time compared to P1.
DISCUSSION
In this study, the ability of the SuMD protocol in the reproduction of the X-ray crystallography final binding state of the candidate macrocyclic tetrapeptide P2—from a novel library of 8,988 sub-kilodalton macrocyclic peptides—bound to thrombin to inhibit its activity was successfully investigated (minimum RMSD of 1.4 Å at 71.56 ns). The outcomes reported that more than 80 percent of trajectories reached the canonical binding surface in varied conformations below or around a hundred nanoseconds, and near five percent mimic the experimentally solved final bound state for this class of macrocyclic peptides to a challenging target, characterized by a narrow active site cleft and deep significant-for-activity sub-pocket (S1). These results reiterated and extended SuMD high value as a computational protocol to explore the recognition pathway. Additionally, based on the observations, SuMD can be regarded as an insightful tool in terms of meta-stable binding site identification, as well as the binding mode and molecular recognition pattern elucidation of sub-kilodalton macrocyclic peptides (with different scaffolds than natural peptides or small molecules) to a protein target with relatively low computational expense. Therefore, this study further validated and expanded the applicability of SuMD as a valuable protocol in studying varied molecular complex recognition.
The main advantages of the method used in this work are being able to correctly parameterize the ligand P2 of this class of macrocyclic peptides with a general Amber force field (GAFF) similar to small molecules and thus having no need for tailored parameterization due to the presence of unnatural amino acids and linkers, as well as the possibility to simulate the trajectory of a binding event in the nanosecond timescale thanks to SuMD. Consider that the association event starting from an unbound state is a rare event to be observed by cMD without the implementation of an enhanced sampling strategy. For instance, in Supplementary Video S4, a comparative cMD starting from the same state of SuMD is reported; during the 900 ns of simulation, P2 never approached thrombin, confirming the different sampling rate of the two methods. The opportunity of performing an efficient high-throughput molecular dynamics study of the remaining macrocyclic peptides of the same class, after further optimization and validation, can be envisioned. Therefore, the prospective use of this study’s findings would be toward using SuMD to perform high-throughput molecular dynamics studies of other available macrocyclic peptides of the same class, enjoying a highly diverse scaffold, to find probable hit candidates for various protein targets of interest and predict their binding mode as an adjunct predictive and screening tool, similarly to what was recently reported for fragments (Ferrari et al., 2021), narrowing down the requirement of going through experimental structural studies for each molecular complex of interest. On the contrary, a particular attention should be paid to the starting conformation of the macrocycle that could affect the recognition sampling since its flexibility could be rather pronounced. Specific methods (e.g., low-mode MD) are used to preprocess a novel ligand for selecting at least one of the few adequate starting conformations in solution. It should also be considered that a particularly flexible sub-kDa macrocycle could present more issue in sampling the bound conformation during the recognition. Anyway, all of these prospective enhancements would lead to the main goal of achieving computationally cheap molecular dynamics study methods with ever-increasing power in predicting experimentally equivalent final binding states and recognition of key elements and patterns of complexes.
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Ribosome biogenesis is an emerging therapeutic target. It has been proposed that cancer cells are addicted to ribosome production which is therefore considered a druggable pathway in cancer therapy. Cancer cells have been shown to be more sensitive to inhibition of the ribosome production than healthy cells. Initial attempts of inhibiting ribosome biogenesis have been focused on the inhibition of transcription by targeting RNA Pol I. Despite being a promising field of research, several limitations have been identified during the development of RNA Pol I inhibitors, like the lack of specificity or acquired resistance. Ribosome biogenesis is a multistep process and additional points of intervention, downstream the very initial stage, could be investigated. Eukaryotic ribosome maturation involves the participation of more than 200 essential assembly factors that will not be part of the final mature ribosome and frequently require protein–protein interactions to exert their biological action. Using mutagenesis, we have previously shown that alteration of the complex interface between assembly factors impairs proper ribosome maturation in yeast. As a first step toward the developing of ribosome biogenesis inhibitory tools, we have used our previously solved crystal structure of the Chaetomium thermophilum complex between the assembly factors Erb1 and Ytm1 to perform a structure-guided selection of interference peptides. The peptides have been assayed in vitro for their ability to bind their cellular partner using biophysical techniques.
Keywords: structural-guided peptide selection, interference peptides, targeting ribosome biogenesis, protein–protein interactions, Erb1/Ytm1 complex
INTRODUCTION
The synthesis of ribosomes in eukaryotes is a sophisticated and energy-demanding process requiring the participation of more than 200 assembly factors that will not be part of the final mature ribosome although are required for a correct ribosome biogenesis. The initial steps of ribosome assembly take place in the nucleolus where rRNA is transcribed by RNA polymerase I (RNA pol I) [reviewed in (Baßler and Hurt, 2019)] under the regulation of both tumor suppressor genes (including p53, Rb, and Arf) and oncogenes (including MYC, MAPK/ERK, PI3K, and AKT) (Montanaro et al., 2008; Morcelle et al., 2019). Increased ribosome biogenesis is important for cell transformation or tumorigenesis and it is assumed as a general trend in cancer cells that need to make extra ribosomes in order to produce more proteins to sustain uncontrolled cell division (Orsolic et al., 2016) (Truitt and Ruggero, 2016). Interestingly, it has been shown that cell proliferation can be blocked by inhibiting the production of new ribosomes since impaired ribosome biogenesis induces a checkpoint control that prevents cell cycle progression (Volarević et al., 2000). It is therefore not surprising that biogenesis of the ribosomes has been accumulating growing attention as a potential new therapeutic target.
Initial attempts to specifically target ribosome biogenesis have been focused on the downregulation of RNA pol I. Several recently described small molecules like CX-5461, CX-3543, BMH-21, or CID-765471 are now providing evidence that inhibition of ribosome biogenesis by targeting transcription of ribosomal DNA has a promising therapeutic potential (Bywater et al., 2012; Colis et al., 2014). However, lack of specificity and acquired resistance suggest that a new generation of Pol I inhibitors should be developed. Moreover, the only inhibitor that reached clinical trials has shown additional activities contributing to its toxicity profile and resistance, and therefore, additional points of intervention during the ribosome maturation process should be explored apart from the inhibition of transcription (Catez et al., 2019; Ferreira et al., 2020). Despite the fact that the complexity of the process yields a large repertoire of potential targets, only very few chemical inhibitors of ribosome biogenesis are known so far (Awad et al., 2019). Apart from the lack of molecular details in the process, the main reason for this limited number of inhibitors is that the complex ribosome biogenesis pathway is orchestrated by a wide range of macromolecular interactions sequentially coordinated to promote the correct ribosome maturation. Ribosome assembly factors frequently require protein–protein interactions in order to exert their biological actions (Li et al., 2017) and these have been traditionally hard to target by small molecule drugs given the absence of grooves or binding pockets in the interaction surface.
Nop7, Erb1, and Ytm1 are assembly factors that form a discrete heterotrimer that can be detected in isolation from the pre-ribosomal particles (Tang et al., 2008). The so-called Nop7 complex (PeBoW in mammals) is essential for a correct maturation of the ribosomal 60S subunit. The three components guarantee the correct maturation of 5’ end of 5.8S rRNA, thus facilitating its association with 25S rRNA in the mature ribosome (Granneman et al., 2011). We have previously reported the structural resolution of the Chaetomium thermophilum Erb1/Ytm1 complex (Marcin et al., 2015; Wegrecki et al., 2015). The crystal structure shows Ytm1 bound to the carboxy-terminal portion of Erb1. Integrity of the heterotrimer assembly is essential for exerting its biological action. In fact, we previously showed that compromising the stability of the Erb1/Ytm1 interaction has an effect on proliferation in yeast (Wegrecki et al., 2015).
Using our previous Erb1/Ytm1 structure, we have performed a structure-guided selection of a set of peptides derived from their sequences and test their ability to bind to their respective cellular partners, Erb1 or Ytm1. Our results open the possibility to obtain peptides with the ability to interfere in the ribosome biogenesis pathway. To our knowledge, this is the first report of peptides designed to target ribosome biogenesis.
MATERIALS AND METHODS
Cloning, Expression, and Purification of Ytm1 and Erb1
Protein expression and purification was carried out following the protocol described in a study by Wegrecki et al. (2015). The YTM1 gene from Chaetomium thermophilum was obtained by total cDNA amplification and cloning in pOPIN-F using an In-Fusion cloning system commercial kit (Clontech). Sf9 insect cells were grown in the Sf900 II SFM medium (Gibco) and were transfected with Ytm1-pOPINF and linearized Ian Jones bacmid (Zhao et al., 2003). Baculovirus generated were amplified and used to induce protein expression for 72 h at 27°C. Erb1 was cloned in a pET28-NKI/LIC 6His/3C vector (from NKI Protein Facility, Amsterdam) by the ligase independent cloning (LIC) method and expressed in Escherichia coli (DE3) BL21 CodonPlus (RIPL) using an auto-induction system (Studier, 2005). The 6xHis tagged Ytm1 and Erb1 proteins were purified using a Histrap-HP Ni charged column (GE Healthcare) eluting with a 20–500 mM imidazole gradient. An additional step of a HiTrap Heparin HD column (GE Healthcare) eluting with 0.2–1.5 M NaCl gradient was included for Erb1. A final polish step of size exclusion chromatography (HiLoad 16/60 Superdex 200 column, GE Healthcare) was performed for both proteins that were flash cooled under liquid nitrogen and stored at −80°C until use.
Biolayer Interferometry Assays
Peptides were commercially obtained from Synpeptide Co., Ltd., Shanghai, China. All experiments have been made in triplicates and include control curves for bait and analyte only.
Peptide Interference Experiments
Potential interference peptide samples were evaluated by their ability to interfere the kinetics and affinity of the complex between Erb1 and Ytm1 as measured by Biolayer Interferometry (BLItz, Pall FortéBio Corp.) using Ni-NTA biosensors (FortéBio) and 50 mM HEPES, pH 7.5; 150 mM NaCl; 5% (v/v) glycerol; and 2 mM β-mercaptoethanol (BME) buffer. To set the reference KD, an 80 µg/ml solution of Erb1 was immobilized to the biosensor in order to obtain binding curves for increasing concentrations of Ytm1. According to this, an evaluation of Erb1-derived peptides (P1–P3) was performed using 5 µM Ytm1 previously incubated during 30 min at equimolar concentrations of each peptide. New KD values were determined. Similarly, an 80 µg/ml solution of Ytm1 was immobilized to the biosensor in order to obtain binding curves for increasing concentrations of Erb1. 20 µM Erb1concentration was selected for the analyte. Each Ytm1-derived peptide (P4–P6) was evaluated by preincubation of equimolar concentrations with 20 µM Erb1 assayed against immobilized Ytm1 of 80 µg/ml.
Peptide Affinity Experiments
BLI was used to determine the affinity between Ytm1 and biotinylated peptides using streptavidin biosensors (FortéBio). The biosensors were hydrated 10 min in the same buffer used on the interference assay, with 0.05% (w/v) bovine serum albumin (BSA). 50 µg/ml of biotinylated peptide was immobilized at the streptavidin biosensor. Increasing concentrations of Ytm1 were used to calculate the KD values using the Blitz Pro 1.2 software using the implemented equations for association and dissociation:
Association phase:
[image: image]
Dissociation phase:
[image: image]
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Differential Scanning Fluorimetry
Thermofluor assays (Pantoliano et al., 2001) were performed on a 7,500 Fast Real-Time PCR System (Applied Biosystems) measuring the gradual fluorescence generated by a 1:1,000 dilution of SYPRO Orange Protein Stain Gel (Supelco, Merck-Sigma) along with 1°C/min temperature increase from 20°C until 85°C.
The samples were mixed containing the protein Ytm1 at 5 µM in 50 mM HEPES pH 7.5, 150 mM NaCl and peptides P1-P3 at 1 mM concentration. Previously, lyophilized P2 and P3 were resuspended in the same Ytm1 buffer and P1 was solubilized in 10 mM Tris (hydroxymethyl)-methylamine (Tris-HCl), pH 8.8 for P1. Data of triplicated experiments were analyzed using GraphPad Prism 5.01 software.
MicroScale Thermophoresis
Microscale thermophoresis (MST) was used to determine the binding affinity between Ytm1 and P1. Ytm1 was labeled with a Red-NHS second-generation dye kit (100 µl at 10 µM of protein +300 µM dye solution) for 30 min at room temperature in the dark. 5 nM of labeled Ytm1 in 50 mM HEPES pH 7.5, NaCl 150 mM supplemented with 0.1% (v/v) Pluronic F-127 was used for the assay. P1 stock is diluted in 10 mM Tris (hydroxymethyl)-methylamine (Tris-HCl), pH 8.8. Ytm1 and P1 were mixed at 1:1 molar ratio in sixteen serial dilutions (1,230 μM–0.0751 µM) using the same buffer. Measurements were taken on a Monolith NT.115 instrument (NanoTemper Technologies). Similarly biding between Ytm1 and P3 using MST was tested using the same Ytm1 buffer also for P3. Curve fitting and KD calculations every 10 min were analyzed from three independent experiments with MO. Maximum binding was observed at 50 min. Curves were analyzed using Affinity Analysis Software (NanoTemper Technologies).
Bioinformatics
Buried surface calculations were performed using the protein interfaces, surfaces, and assemblies service PISA at the European Bioinformatics Institute (http://www.ebi.ac.uk/pdbe/prot_int/pistart.html) (Krissinel and Henrick 2007) using PDB ID 5cxb and in silico alanine scanning of the interaction surface was performed using the DrugScorePPI Web Interface (https://cpclab.uni-duesseldorf.de/dsppi/) (Krüger and Gohlke, 2010) only considering polypeptide atoms. ΔG computed for alanine mutants for each 5cxb polypeptide chain is compared to ΔG computed from the wild type complex. Resulting ΔΔG predicts the contribution of a given side chain to the wild type complex stability (ΔΔG = ΔGALAcomplex−ΔGWTcomplex). Interacting atoms between Erb1 and Ytm1 were also analyzed using the 5cxb coordinates program contact in the CCP4 suite (Winn et al., 2011). Molecular graphics in Figure 1 were performed with UCSF Chimera (Pettersen et al., 2004).
[image: Figure 1]FIGURE 1 | Erb1/Ytm1 interaction. (A) Ribbon representation of the heterodimer. Top face of Ytm1 β-propeller in pale pink interacts with Erb1 β-propeller’s side in blue. The main secondary structure-interacting motifs are shown in Erb1 (B) Surface representation of the individual components with the interaction areas facing toward the observer. Atoms from residues involved in the interaction are colored by atom, carbon in grey, oxygen in red, and nitrogen in blue. The rest of the surface is colored in blue for Erb1 and pale pink for Ytm1. (C) Calculated Erb1 ΔΔG values from in silico alanine scan. Residues from Erb1 with calculated ΔΔG>0.5 kcal/mol are depicted in green. (D) Calculated Ytm1 ΔΔG values from in silico alanine scan. Ytm1 residues with calculated ΔΔG>1.0 kcal/mol are represented in yellow. (E) Selected peptides derived from Erb1. Each peptide is colored with a different shade of blue and is labeled according to Table 1. Side chains of interacting residues establishing electrostatic interactions are shown. (F) Selected peptides derived from Ytm1. The three selected peptides are depicted in brown, yellow, and orange for P6, P4, and P5, respectively (Table 1). Side chains of interacting residues establishing electrostatic interactions are shown.
RESULTS
Interaction Surface Analysis and Peptide Selection
Our Erb1/Ytm1 heterodimer crystal structure (PDB ID 5CXB) (Wegrecki et al., 2015) shows that the central part of the β-propeller of Ytm1 provides a large docking surface for the bottom face of blades 1, 2, and 7 from Erb1 that is additionally held in place by two lateral extensions from Ytm1. The Ytm1 β-propeller top face, away from the N-terminal Ubiquitin-like domain, establishes extensive contacts with the side face of Erb1 C-terminal β-propeller (Figure 1A) with a predominant role of blade 7. The Erb1/Ytm1 heterodimer is mainly maintained by electrostatic forces with some hydrophobic regions also involved in the interaction (Figure 1B). No clear grooves have been detected in the heterodimer interaction surface.
Manual inspection of the interaction surface between Erb1 and Ytm1 combined with buried surface area upon binding calculations using PISA (Krissinel and Henrick, 2007), together with an analysis of the interactions and an alanine scanning of the interacting residues to locate hotspots using DrugScorePPI (Krüger and Gohlke, 2010), revealed several areas of interaction (Figure 1C, Supplementary Table S1, S2). The last β-strand (“1d”) of blade 7 in Erb1 contacts loop “6d-6a” and a long extension that appears between strands “7d” and “7a” of Ytm1 (the knob formed by residues 444–460). A second interaction area involves the entrance of the central tunnel of Ytm1 as a docking site for a loop between strands “1c–2d” from the first blade of Erb1 (481–486) (Figure 1C). The loop contains three well conserved residues: E481, T484, and R486 that establish a network of electrostatic interactions with also conserved amino acids from blades 1, 2, 3, and 7 of Ytm1. We have previously reported the relevance of the second area of interaction since the R486E point mutation decreased the affinity of the interaction by two orders of magnitude without affecting structural integrity. The equivalent mutation in yeast impaired growth in yeast and affected 60S subunit biogenesis (Wegrecki et al., 2015). As indicated by the in silico alanine scanning analysis, this interacting region also suggests a hot spot between Erb1 and Ytm1 (Figure 1C, Supplementary Table S1). Erb1 a-b loop from blade 7 participates in another interaction area with Ytm1 loops from blade 3. Finally an insertion in blade 2 of the β-propeller of Erb1 between 2c and 2e (Supplementary Figure S1) interacts with loops from blades 2 and 3 and an extension between strands 3c and 4d from Ytm1 (Supplementary Figure S2). This Erb1 insertion area shows poor sequence conservation (Supplementary Figure S1) and will not be taken it into further consideration. Ytm1 residues interacting with Erb1 appear to cluster mostly on one side of the interaction surface (Figure 1D) although they do not show sequence continuity of interacting residues (Figure 1D, Supplementary Figure S2 and Supplementary Table S2).
According to the previous observations, a set of six peptides, summarized in Table 1, were selected derived from Erb1 sequence and Ytm1 (Figures 1E,F and Supplementary Figures S1, S2).
TABLE 1 | Peptides used in this study. Residue numbering is referred to the Chaetomium thermophilum sequences.
[image: Table 1]Peptide Competition Assay
Biolayer interferometry interference assays were used to evaluate the ability of each peptide to interfere in the in vitro formation of the Erb1/Ytm1 complex. Erb1 was immobilized to a Ni-NTA biosensor and Ytm1 was used as analyte for testing direct interaction. The binding affinity is 3.2e-8M (Supplementary Table S3), similar to the previously reported values using microcalorimetry (Wegrecki et al., 2015). Peptides were evaluated for their ability to decrease in the Erb1/Ytm1 complex formation by preincubating the analyte with each peptide derived from the immobilized partner. Figures 2A,B show typical curves from the interference assay using biolayer interferometry. The black line depicts the reference curve obtained in the absence of peptide preincubation. Erb1-derived peptides were evaluated by their ability to decrease Erb1/Ytm1 complex affinity. Each P1-3 peptide was preincubated for half an hour at 4°C with an equimolar concentration of Ytm1 used as an analyte for binding with Erb1, previously immobilized to the Ni-NTA biosensor (Figure 2A). Peptides P1 and P3 showed a decrease of more than one order of magnitude (1.9 and 1.7e-7M respectively) with respect the Erb1/Ytm1 binding curve, in the absence of peptide. Similarly, an assay immobilizing Ytm1 to the Ni-NTA biosensor was used with Erb1 as analyte preincubated at equimolar concentrations with P4-6 Ytm1-derived peptides. Only peptide P6 showed a significant decrease (2.4e-6M) with respect to the reference Ytm1/Erb1 binding curve (Figure 2B).
[image: Figure 2]FIGURE 2 | Binding properties of Erb1- and Ytm1-derived peptides to Ytm1 and Erb1, respectively. (A) Biolayer interferometry curves of preincubated peptides P1–3 with equimolar amounts of Ytm1 (5 µM). The ability to interfere with Erb1/Ytm1 complex formation (black line) is evaluated using immobilized Erb1 and Ytm1 as an analyte. The reference KD for the Erb1/Ytm1 complex is 3.228e-8M. KD decrease for preincubated Ytm1-P2 is less than one order of magnitude (Supplementary Table S3) whereas it is more than one order of magnitude for preincubated Ytm1-P1 and Ytm1-P3. (B) The equivalent competition BLI experiment preincubating equimolar concentrations of peptides P4–6 with 20 µM Erb1 and using immobilized Ytm1 as bait. KD values of Erb1-P5 and Erb1-P4 are similar to the reference KD (2.292e-7M) using only Erb1 as an analyte. KD values of Erb1-P6 are almost one order of magnitude lower than the reference (Supplementary Table S3). (C–E) Biolayer interferometry curves using inmobilized biotynilated peptides. (C) Immobilized biot-P6 did not show binding when using Erb1 as analyte. (D) BLI Ytm1 binding curves obtained using immobilized biot-P1. (E) BLI Ytm1 binding curves using biot-P3 as bait. (F) Thermal shift curves obtained by differential scanning fluorimetry (DSF) of Ytm1 isolated (black line) and in the presence of 1 mM P3 peptide. (G) Similarly, DSF thermal shift curves of Ytm1 isolated (black line) and in the presence of 1 mM P1 peptide (orange). (H) Microscale thermoforesis binding curve for Ytm1 with peptide P1. Ytm1 was labeled using the Red-NHS second-generation dye for the binding affinity with the peptide P1 (NanoTemper Technologies). Fnorm indicates normalized fluorescence.
Direct Peptide Binding Assays
According to P1, P3, and P6 results, a new N-terminal biotynilated peptide synthesis was ordered using the same sequences (Biot-P1, Biot-P3, and Biot-P6, Table 1). Biotynilated peptides Biot-P1 and Biot-P3 were immobilized to the streptavidin biosensor and Ytm1 binding was measured. Similarly, Biot-P6 was immobilized to the streptavidin biosensor followed by Erb1 binding. As indicated in Figure 2C, we could not detect binding for Biot-P6/Erb1. Peptides Biot-P1 and Biot-P3 showed an affinity for Ytm1 in the mM range (Figures 2D,E). To further confirm the interaction a differential scanning fluorimetry assay was performed. A thermofluor assay of Ytm1 on its own and in the presence of 1 mM P3 did not show any significant thermal shift (Figure 2F) Similarly, no significant thermal shift in Ytm1 was observed in the presence of 1 mM P2 (Supplementary Figure S3). A shift of several degrees in the Tm was observed in the presence of 1 mM P1 indicating binding with Ytm1 (Figure 2G). Inconsistent results were obtained in DSF using Erb1 and a proper Tm could not be obtained so thermal shift could not be evaluated for P6. To further demonstrate the ability of P1 to interact with Ytm1, the binding was also monitored in free solution by the change in the thermophoresis of Ytm1 upon interaction with P1. Binding affinity determined using microscale thermophoresis showed a Kd in the mM range (8.2e-6M, Supplementary Table S3) consistent with affinities observed using interferometry and further confirming a direct interaction between P1 and Ytm1 (Figure 2H). Experimental limitations with maximum ligand concentration did not allow the calculation of binding stoichiometry. A tendency toward binding was also detected using MST with the P3 peptide at a maximum concentration of 1,580 µM but data quality would not allow a proper fitting for obtaining the KD values (Supplementary Figure S4).
DISCUSSION
Erb1 surface appears to be more suitable for the selection of peptides targeting the complex, as compared to Ytm1 that, despite showing some degree of clustering (Figure 1D) reveals scattered interacting residues and fragmented regions (Supplementary Figure S2). In fact, we did not obtain clear experimental binding results for Ytm1-derived peptides. Apart from the peptides derived from Ytm1 selected in this study, additional regions that might have been considered are 224–229 that shows a rather continuous interaction with Erb1. It has, however, been initially discarded given the small differences in calculated ΔΔG upon in vitro alanine substitution with respect WT Ytm1 in the complex (Supplementary Table S2). An additional region includes V272 that shows reasonable ΔΔG values and continuity (S265-V272) of neighboring residues in Chaetomium. However, it is located in an evolutionary poorly conserved region (Supplementary Figure S2). Sequence elongation of the selected Ytm1-derived peptides might also provide better interaction results.
The combination of in silico hot spot analysis with contact analysis in the interface and residue conservation suggested an initial set of six peptides in the Erb1/Ytm1 interface. Three of them showed some degree of interference in the complex formation on a competition assay. Best candidates (P1, P3, and P6) were further tested immobilizing the peptide to the biosensor. We have observed some differences for peptide P6 in the competition assays with respect biotinylated peptide assay using biolayer interferometry. Biotin itself could be affecting the binding to Erb1; however, this is unlikely to be the case since the N-terminus of P6 is not involved in the interaction according to the structure of the Erb1/Ytm1 complex (Figure 1). An obvious difference is the immobilization of the peptide that might be impairing a proper conformation of P6 for the interaction with Erb1 to take place. Immobilized peptide in the biotynilated P1 experiment can also explain the slight difference observed in the Kds obtained by BLI and MST. Tm values for Erb1 using DSF could not be obtained. Moreover, several of the selected peptides did not show any effect on the interference biolayer interferometry assay. Alternative methodological approaches should be considered for the detection of low affinity interactions in BLI or proteins with potential hydrophobic exposed areas in DSF. We have been able to detect direct in vitro interactions of P1 and Biot-P1 with Ytm1 at a low mM affinity range indicating that at least for these conditions biolayer interferometry is a suitable methodological approach. MST also represented a good alternative for evaluating the interaction with initial binding detected for Ytm1-P3 and proper affinity determination for Ytm1-P1. Erb1 and Ytm1 form a part of the Nop7 complex which is a heterotrimeric complex. Assembly of the three subunits is required for the correct maturation of 60S ribosomal subunit. Once the Nop7 complex has exerted its molecular function it is sequentially removed from the pre60S subunit (Tang et al., 2008; Baßler and Hurt, 2019). Individual Nop7, Erb1, and Ytm1 will then reassemble to repeat the process with a new preribosome. It is at this stage when a peptide targeting the Erb1/Ytm1 interaction could play its interference role since the P1 peptide affinity shown for Ytm1 is lower than the one observed for the Erb1/Ytm1 complex.
Ribosome biogenesis has recently been accumulating growing attention as a potential new therapeutic target, since the observation that cell proliferation can be blocked by inhibition of new ribosomes production. Several RNA pol I inhibitors have been reported to date (Ferreira et al., 2020) and molecules like CX-3543, CX-5461, and BMH-21 are currently under investigation for treating cancer, as rapidly dividing cancer cells are particularly dependent on high levels of RNA pol I transcription. CX-5461 is phase I clinical trial in patients with advanced haematological cancers and breast cancer (Hilton et al., 2018; Khot et al., 2019). CX-3543 reached phase II clinical trial but was withdrawn due to bioavailability issues (Balasubramanian et al., 2011). While extremely promising, these compounds targeting RNA pol I are associated with additional activities, like DNA damage, which possibly contributes to its efficacy, toxicity profile, and resistance mechanisms. These observations suggest that it may be necessary to look for other points of intervention during this multistep process of ribosome maturation. One relevant question in this new field of targeting ribosome biogenesis is whether downstream specific targets would behave the same or differ to those RNA pol I transcription inhibitors currently developed. We had previously shown that altering the interaction surface between the ribosome assembly factors Erb1 and Ytm1 hinders cell proliferation in yeast. We have now developed a peptide derived from the Erb1 sequence capable of interacting with Ytm1 at a low mM range and interfere in the Erb1/Ytm1 complex formation negatively affecting this extensive and highly conserved protein–protein interaction. This result opens the possibility to investigate the in vivo action of RNA pol I downstream targets in the ribosome biogenesis process. Delivery methods like cell penetrating peptides or nanoparticles should be considered for internalization of the peptide into the cell in order to test future inhibitory strategies in vivo.
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The voltage-gated Na+ (Nav) channel is a primary molecular determinant of the initiation and propagation of the action potential. Despite the central role of the pore-forming α subunit in conferring this functionality, protein:protein interactions (PPI) between the α subunit and auxiliary proteins are necessary for the full physiological activity of Nav channels. In the central nervous system (CNS), one such PPI occurs between the C-terminal domain of the Nav1.6 channel and fibroblast growth factor 14 (FGF14). Given the primacy of this PPI in regulating the excitability of neurons in clinically relevant brain regions, peptides targeting the FGF14:Nav1.6 PPI interface could be of pre-clinical value. In this work, we pharmacologically evaluated peptides derived from FGF14 that correspond to residues that are at FGF14’s PPI interface with the CTD of Nav1.6. These peptides, Pro-Leu-Glu-Val (PLEV) and Glu-Tyr-Tyr-Val (EYYV), which correspond to residues of the β12 sheet and β8-β9 loop of FGF14, respectively, were shown to inhibit FGF14:Nav1.6 complex assembly. In functional studies using whole-cell patch-clamp electrophysiology, PLEV and EYYV were shown to confer differential modulation of Nav1.6-mediated currents through mechanisms dependent upon the presence of FGF14. Crucially, these FGF14-dependent effects of PLEV and EYYV on Nav1.6-mediated currents were further shown to be dependent on the N-terminal domain of FGF14. Overall, these data suggest that the PLEV and EYYV peptides represent scaffolds to interrogate the Nav1.6 channel macromolecular complex in an effort to develop targeted pharmacological modulators.
Keywords: voltage-gated sodium channels, protein-protein interactions, intracellular fibroblast growth factors, split-luciferase complementation assays, patch-clamp electrophysiology
INTRODUCTION
Voltage-gated Na+ (Nav) channels are responsible for the initiation and propagation of action potentials in excitable cells (Catterall, 2012). This functionality is largely conferred via the pore-forming α subunit of Nav channels, of which nine different isoforms (Nav1.1-Nav1.9) have been described. In addition to molecular differences among these nine isoforms of the Nav channel α subunit, they also diverge with respect to their tissue distribution. Specifically, Nav1.1-Nav1.3 and Nav1.6 are expressed in the central nervous system (CNS); Nav1.4 is expressed in skeletal muscle; Nav1.5 is expressed in cardiac muscle; and Nav1.7-Nav1.9 are expressed in the peripheral nervous system (PNS) (Goldin et al., 2000; Yu and Catterall, 2003; Catterall et al., 2005; Chahine et al., 2008; Savio-Galimberti et al., 2012; Dib-Hajj et al., 2015). Given this ubiquitous expression throughout the body, it is unsurprising that mutations to specific Nav channel isoforms give rise to an array of disease-states including autism spectrum disorder (Sanders et al., 2012; Tavassoli et al., 2014), ataxia (Savio-Galimberti et al., 2012), Dravet syndrome, cognitive impairment, epilepsy (Claes et al., 2001; Mantegazza et al., 2005, 2010; Catterall et al., 2010; Volkers et al., 2011; Schaefer et al., 2013; Oyrer et al., 2018), Brugada syndrome (Probst et al., 2009), pain-related syndromes (Woods et al., 2015; Wright et al., 2016), primary erythromelalgia (Tang et al., 2015), paroxysmal extreme pain disorder (Dib-Hajj et al., 2009; Lampert et al., 2010); and cardiac arrhythmias (Wang et al., 1995; Musa et al., 2015).
Given their essential role in regulating physiology throughout the body, Nav channels have historically been a traditional target for drug development. Unfortunately, current therapeutics targeting Nav channels bind to structural motifs of the α subunit that display high amino acid sequence homology among the nine Nav channels isoforms, which results in these therapeutics lacking isoform selectivity and giving rise to deleterious off-target side effects due to modulation of off-target Nav channel isoforms (Catterall and Swanson, 2015). To address this challenge, the identification of novel Nav channel drug-binding sites is a necessary pre-requisite to identify therapeutics with improved selectivity (Dvorak et al., 2021).
Among structural components of the Nav channel that could be pharmacologically targeted to achieve improved selectivity, C-terminal domains (CTD) of Nav channels stand out as promising surfaces to target, as they display amino acid sequence divergence among isoforms that enables structurally and functionally specific protein:protein interactions (PPI) with auxiliary proteins (Lou et al., 2005; Laezza et al., 2007, 2009; Tseng et al., 2007; Wang et al., 2011; Pitt and Lee, 2016; Effraim et al., 2019; Lu et al., 2020). In the central nervous system (CNS), one salient example of such a PPI occurs between the CTD of Nav1.6 and its auxiliary protein fibroblast growth factor 14 (FGF14) (Liu et al., 2003; Lou et al., 2005; Goetz et al., 2009; Laezza et al., 2009; Ali et al., 2016, 2018; Hsu et al., 2016; Singh et al., 2020; Wadsworth et al., 2020). Specifically, this PPI regulates the transient and resurgent Na+ currents of neurons through a mechanism thought to depend upon the N-terminus of FGF14 (Yan et al., 2014; White et al., 2019), as well as the action potential (AP) firing of neurons in clinically relevant brain regions, including the nucleus accumbens (NAc) (Ali et al., 2018) and hippocampus (Hsu et al., 2016). Translationally, perturbation of this PPI is increasingly being associated with a myriad of neurologic and neuropsychiatric disorders (Di Re et al., 2017; Paucar et al., 2020), highlighting its potential clinical relevance as a pharmacological target.
To guide drug discovery efforts targeting the PPI interface between FGF14 and the CTD of Nav1.6, we previously developed and interrogated a homology model of the PPI interface to identify putative clusters of amino acids central to assembly of the complex (Ali et al., 2014, 2016). These investigations identified the Phe-Leu-Pro-Lys (FLPK) and Pro-Leu-Glu-Val (PLEV) motifs on the β12 sheet of FGF14, and the Glu-Tyr-Tyr-Val (EYYV) motif on the β8-β9 loop of FGF14, as being putatively essential for FGF14:Nav1.6 complex assembly (Ali et al., 2014, 2016). To investigate if short peptides derived from these clusters of amino acids could exert functionally relevant modulation of the Nav1.6 channel macromolecular complex, we previously reported our pharmacological evaluation of the FLPK tetrapeptide (Singh et al., 2020). In that work, we showed that FLPK inhibited FGF14:Nav1.6 complex assembly, reversed FGF14-mediated regulatory effects on Nav1.6 channel activity and affected neuronal excitability of MSNs of the NAc (Singh et al., 2020). Based upon this premise, we sought in the current work to investigate the modulatory effects of PLEV and EYYV on the Nav1.6 channel macromolecular complex. By employing the split-luciferase complementation assay (LCA) and whole-cell patch clamp electrophysiology, we show that these two short peptides derived from FGF14 confer inhibitory effects on FGF14:Nav1.6 complex assembly. Correspondingly, both peptides confer functionally relevant modulation of Nav1.6 channel activity in a manner dependent on the N-terminal domain of FGF14. Overall, this study demonstrates that short peptides derived from “hot spot” (London et al., 2010, 2013) of PPI interfaces could serve as innovative probes to guide drug discovery efforts.
MATERIAL AND METHODS
Materials
D-luciferin (Gold Biotechnology, St. Louis, MO) was prepared as a 30 mg/ml stock solution in phosphate-buffered saline (PBS), and stored at −20 C. PLEV and EYYV peptides were synthesized with 98% purity from Zhejiang Ontores Biotechnologies Co. (Yuhang District, Hangzhou, Zhejiang, China). Peptides were reconstituted in 100% dimethyl sulfoxide (DMSO) as 50 mM stock solutions and stored −20°C.
Plasmid Constructs
Plasmid constructs used in this study were derived from the following clones: human FGF14-1b isoform (accession number: NM_175929.2); human Nav1.6 (accession number: NM_014191.3). The CLuc-FGF14, CD4-Nav1.6-NLuc constructs and the pcDNA3.1 vector (Invitrogen, Carlsbad, CA) were engineered and characterized as previously described (Goetz et al., 2009; Shavkunov et al., 2012; Shavkunov et al., 2013; Shavkunov et al., 2015; Ali et al., 2016, 2018; Wadsworth et al., 2019, 2020; Singh et al., 2020). The plasmid pGL3 expressing full-length Firefly (Photinus pyralis) luciferase was a gift from P. Sarkar (Department of Neurology, UTMB). To perform electrophysiological studies, FGF14-GFP and FGF14-ΔNT-GFP (64–252 amino acid residues) were sub-cloned into the GFP plasmid pQBI-fC2 (Quantum Biotechnology Inc., Montreal, Canada) as previously described (Singh et al., 2020).
Homology Model-Based Docking of PLEV and EYYV to FGF14
The homology model-based docking was run with Schrödinger Small-Molecule Drug Discovery Suite using the FGF14 chain of a previously described FGF14:Nav1.6 homology model (Ali et al., 2016; Singh et al., 2020). The structure for protein was prepared by using Protein Prepared Wizard and peptide fragments (PLEV or EYYV containing N-terminal acetylation and C-terminal amidation) were prepared with LigPrep and further initial lowest energy conformation was obtained. The grid box coordinates, grid generation, docking employment, docking poses were analyzed as previously described (Singh et al., 2020).
Cell Culture
HEK293 cells were cultured in a 1:1 mixture of Dulbecco’s Modified Eagle Medium (DMEM) with 1 g/L glucose and F-12 (Invitrogen, Carlsbad, CA, United States) that was additionally supplemented with 10% fetal bovine serum, 100 units/ml of penicillin, and 100 µg/ml streptomycin (Invitrogen). HEK293 cells stably expressing CLuc-FGF14 and CD4-Nav1.6-NLuc constructs were maintained similarly except for the addition of 500 μg/ml G418 and 100 ug/ml puromycin (Invitrogen) to maintain stable expression. This cell line was developed and characterized in previous studies and is hereafter coded as “Clone V” cells (Wadsworth et al., 2019). Cells were grown at 37°C. The HEK293 cells stably expressing human Nav1.6 channels have previously been described (Ali et al., 2016, 2018; Singh et al., 2020; Wadsworth et al., 2020). For transient transfections, the Lipofectamine 2000 protocol was followed (Invitrogen, Waltham, MA, United States), and the amount of cDNA used was 1 µg for each. For whole-cell, patch-clamp recordings HEK293-Nav1.6 cells were washed and replated at very low density prior to incubating the cells with peptides for recordings (Ali et al., 2016, 2018; Wadsworth et al., 2019, 2020; Singh et al., 2020).
In Cell Split Luciferase Assay
HEK293 cells stable expressing CLuc-FGF14 and CD4-Nav1.6-NLuc (Clone-V) were grown for 24–48 h. Clone-V cells were detached using TrypLE (Gibco, Waltman, MA, United States), triturated in medium, and seeded in white, clear-bottom CELLSTAR μClear® 96-well tissue culture plates (Greiner Bio-One) at ∼0.8 × 105 cells per well in 200 μl of medium. The cells were treated for 12 h in a growth medium supplemented with 100 μl of serum-free, phenol red–free DMEM/F12 medium (Invitrogen) containing PLEV or EYYV (1–250 μM). The final concentration of DMSO was maintained at 0.5% for all wells. Following 12 h incubation at 37°C, the luminescence reaction was initiated by injection of 100 μl substrate solution containing 1.5 mg/ml of D-luciferin dissolved in PBS (final concentration = 0.75 mg/ml) by the Synergy™ H4 Multi-Mode Microplate Reader (BioTek). LCA readings were performed at 2 min intervals for 20–30 min, integration time 0.5 s, while cells were maintained at 37°C throughout the measurements. Detailed LCA method can be found in previous studies (Shavkunov et al., 2012; Ali et al., 2014, 2016, 2018; Hsu et al., 2015; Wadsworth et al., 2019, 2020; Singh et al., 2020).
Electrophysiology in Heterologous Cells
Whole-cell voltage-clamp recordings in heterologous cell systems were performed as previously described (Ali et al., 2016, 2018; Singh et al., 2020; Wadsworth et al., 2020). The HEK293 cells cultured as described above were dissociated using TrypLE and re-plated at very low density onto glass coverslips. HEK293 cells were then allowed at least 3–4 h for attachment before coverslips were transferred to the recording chamber. The recording chamber was filled with a freshly prepared extracellular recording solution comprised of: 140 mM NaCl; 3 mM KCl; 1 mM MgCl2; 1 mM CaCl2; 10 mM HEPES; and 10 mM glucose (pH = 7.3; all salts purchased from Sigma-Aldrich, St. Louis, MO, United States). For control recordings, DMSO was added to the extracellular solution to obtain a final concentration of 0.1%. For the peptide conditions a PLEV and EYYV peptides were added to the extracellular solution to obtain their final concentrations. Cells were pre-incubated for at least 30 min in either DMSO or peptides containing extracellular solutions prior to the recordings. The pipettes were filled with an intracellular solution: 130 mM CH3O3SCs; 1 mM EGTA; 10 mM NaCl; and 10 mM HEPES (pH = 7.3; all salts purchased from Sigma-Aldrich). The glass pipettes (Harvard Apparatus, Holliston, MA, United States) with a resistance of 3–5 MΩ were fabricated using a PC-100 vertical Micropipette Puller (Narishige International Inc., East Meadow, NY, United States). Recordings were obtained using an Axopatch 700B or 200B amplifier (Molecular Devices, Sunnyvale, CA, United States). Membrane capacitance and series resistance were estimated using the dial settings on the amplifier, and capacitive transients and series resistances were compensated by 70–80%. Data acquisition and filtering occurred at 20 and 5 kHz, respectively, before digitization and storage. Clampex 9.2 software (Molecular Devices) was used to set experimental parameters, and electrophysiological equipment interfaced to this software using a Digidata 1,200 analog-digital interface (Molecular Devices). Analysis of electrophysiological data was performed using Clampfit 9 software (Molecular Devices) and GraphPad Prism 7 software (La Jolla, CA, United States). After GΩ seal formation and entry into the whole-cell configuration, the voltage-clamp protocols were employed such as the current-voltage (IV) protocol which entailed voltage-steps from −100 mV to +60 mV from a holding potential of −70 mV. The voltage-dependence of steady-state inactivation was calculated using a paired-pulse protocol during which, from the holding potential, cells were stepped to varying test potentials between −20 mV and +20 mV prior to a test pulse to −20 mV.
Current densities were obtained by dividing Na+ current (INa) amplitude by membrane capacitance. Current-voltage relationships were then assessed by plotting current density as a function of applied voltage. Tau (τ) of fast inactivation was calculated by fitting the decay phase of currents at the -10 mV voltage step with a one-term exponential function. To assess voltage-dependence of activation, conductance (GNa) was first calculated using the following equation:
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where INa is the current amplitude at voltage Vm, and Erev is the Na+ reversal potential. Activation curves were then generated by plotting normalized GNa as a function of the test potential. Data was then fitted with the Boltzmann equation to determine V1/2 of activation using the following equation:
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where GNa,max is the maximum conductance, Va is the membrane potential of half-maximal activation, Em is the membrane voltage, and k is the slope factor. For steady-state inactivation, normalized current amplitude (INa/INa,max) at the test potential was plotted as a function of pre-pulse potential (Vm) and fitted using the Boltzmann equation:
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where Vh is the potential of half-maximal inactivation, Em is the membrane voltage, and k is the slope factor.
To study long-term inactivation (LTI), a four-sweep protocol consisting of four 20 ms duration, 0 mV depolarizing pulses separated by 40 ms duration −90 mV interpulse recovery phases from a -90 mV holding potential was employed (Dover et al., 2010; Barbosa et al., 2017; Liu et al., 2019; Tapia et al., 2020).
Cumulative inactivation was examined by applying a 2 ms test pulse to −10 mV 20 times at frequency10 Hz from a holding potential of −80 mV. Current responses were normalized to the first recorded pulse and the currents at the 20th pulses were compared (Laezza et al., 2009; Effraim et al., 2019).
Data Analysis
Results are expressed as mean ± standard error of the mean (SEM). Except where otherwise noted, statistical significance was determined using a Student’s t-test or one way ANOVA Tukey’s multiple comparisons test, comparing cells treated with vehicle (DMSO) or PLEV and EYYV, with p < 0.05 being considered statistically significant. The analysis was performed by using GraphPad PrismR (La Jolla, CA) software.
RESULTS
Homology Model-Based Docking of PLEV and EYYV to the Protein-Protein Interaction Interface Between FGF14 and the CTD of Nav1.6
The peptides used in this study were developed based upon segments of FGF14 that are known to be at the interface of the FGF14:Nav1.6 macromolecular complex. PLEV corresponds to an amino acid sequence on the β12 sheet of FGF14, and EYYV corresponds to a sequence on the β8-β9 loop of FGF14 (Ali et al., 2014). These peptides were docked to a homology model of the PPI interface between FGF14 and the CTD of Nav1.6. (Ali et al., 2016, 2018; Dvorak et al., 2020). In our previous study (Singh et al., 2020) we predicted that PLEV and EYYV were interacting toward the periphery of FGF14 at the β5 strand and N-terminus. We further showed the interactions of PLEV and EYYV with key residues at the FGF14:Nav1.6 PPI interface (modified Figure 1, Singh et al., 2020). The molecular docking of PLEV and EYYV revealed predicted interactions with residues at the FGF14:Nav1.6 PPI interface suggestive of the ability to disrupt FGF14:Nav1.6 complex assembly. For example, PLEV and EYYV displayed conserved interactions with R117 on the β5 strand of FGF14, a residue that is a crucial constituent of the core domain of FGF14 and is essential for enabling FGF14-mediated regulatory effects on transient INa and resurgent INa (Yan et al., 2014). Additionally, PLEV and EYYV displayed conserved interactions with K74 of the N-terminus of FGF14, which could be predictive of these peptides displaying functional activity due to the central role of the N-terminus of FGF14 in conferring modulatory effects on Nav channel inactivation and resurgent INa (Laezza et al., 2007; Yan et al., 2014; White et al., 2019). Despite these conserved interactions, PLEV and EYYV also displayed divergent interactions with residues at the FGF14:Nav1.6 PPI interface, such as with P203, which could be suggestive of differential effects on Nav1.6 channel activity. Based upon these predicted interactions with residues at the FGF14:Nav1.6 PPI interface in silico, both PLEV and EYYV were further investigated in biological systems to interrogate potential modulatory effects on the Nav1.6 channel macromolecular complex.
[image: Figure 1]FIGURE 1 | PLEV and EYYV docking to the FGF14:Nav1.6 complex (modified Singh et al., 2020. Physiol Rep. PMID: 32671946). (A,B) Representation of PLEV (pink-orange) and EYYV (yellow) peptide fragments docked into the FGF14 chain of the FGF14:Nav1.6 C-terminal tail homology model. FGF14 has depicted as sky blue ribbons. Key interaction residues are highlighted as stick representations. H-bonds are shown as purple dotted lines, salt bridges are shown as red dotted lines. Residues shown in the map are within 4 Å cut-off. (C) Overlay of PLEV (pink-orange) and EYYV (yellow) docked poses and FGF14. Nav1.6 C-terminal tail complex homology model. The FGF14 chain is depicted as sky blue ribbons and the Nav1.6 C-terminal tail is highlighted as gray ribbons. The overlay analysis demonstrated the peptides bound with FGF14 to the different locations at the FGF14:Nav1.6 C-tail protein-protein interaction (PPI) interface. (D) Surface representation of PLEV (pink-orange) and EYYV (yellow) peptide fragments docked pose overlay with FGF14 (cyan). (E) table representing the Key interacting residues of FGF14:Nav1.6 C-terminal tail PPI with PLEV and EYYV.
In-Cell Testing of PLEV and EYYV Using the Split Luciferase Complementation Assay
To evaluate the hypothesis that PLEV and/or EYYV could modulate FGF14:Nav1.6 complex assembly, an in-cell assay was used with a HEK293 cell line (hereafter coded as “Clone V” cells) stably expressing both CLuc-FGF14 and CD4-Nav1.6-NLuc (Shavkunov et al., 2012; Shavkunov et al., 2013; Shavkunov et al., 2015; Ali et al., 2016, 2018; Wadsworth et al., 2019, 2020; Dvorak et al., 2020, 2021; Singh et al., 2020; Wang et al., 2020). In this assay, upon binding of FGF14 to the Nav1.6 C-terminal tail, there is reconstitution of the NLuc and CLuc halves of the luciferase enzyme, which produces luminescence in the presence of substrate D-luciferin (Figures 2A,D). Employing this assay in the current study, Clone V cells were seeded into 96 well plates and then treated with various concentrations (1–250 µM) of PLEV, EYYV, or 0.5% DMSO. After incubation, luciferin was dispensed, and the luminescence observed in each well was recorded. The max luminescence observed in each well was then normalized to the average max luminescence observed in per plate control wells. These investigations revealed that PLEV and EYYV displayed dose-dependent inhibitory effects on FGF14:Nav1.6 complex assembly. Specifically, sigmoidal fitting of the dose response curve for PLEV and EYYV revealed IC50 values of 41.1 ± 4.4 µM and 35.7 ± 4.7 µM, respectively. (Figures 2B,C,E,F). Having demonstrated their inhibitory effects on FGF14:Nav1.6 complex assembly, the functional effects of these peptides on Nav1.6 channel activity were subsequently assessed using whole-cell patch-clamp electrophysiology in heterologous cells.
[image: Figure 2]FIGURE 2 | In-cell evaluation of dose-dependent effects of the PLEV and EYYV tetrapeptides on FGF14:Nav1.6 complex assembly using the LCA. (A) Percent luminescence plotted as a function of log concentration of PLEV to characterize the dose-dependent effects of the tetrapeptide on FGF14:Nav1.6 complex assembly. (B) Bar graph showing dose-response as depicted in panel A. (C) Percent luminescence plotted as a function of log concentration of EYYV to characterize the dose-dependent effects of the tetrapeptide on FGF14:Nav1.6 complex assembly. (D) Bar graph showing dose-response as depicted in panel B. PLEV or EYYV concentrations were used (1, 10, 25, 50, 75, 100, 150, and 250 μM; n = 8 per concentration) for dose response. Data were normalized to per plate wells treated with 0.5% DMSO, and non-linear regression curve was performed using GraphPad Prism to calculate IC Data represented as mean ± SEM.
PLEV and EYYV Differentially Modulate Peak Transient INa in the Presence of FGF14
Having determined the in-cell potency with which PLEV and EYYV inhibit FGF14:Nav1.6 complex assembly, we next used electrophysiology to evaluate whether PLEV or EYYV displayed modulatory effects on Nav1.6-mediated currents. These recordings were performed in HEK293 cells stably expressing Nav1.6 and transiently transfected with GFP (Nav1.6-GFP) or FGF14-GFP (Nav1.6-FGF14-GFP). The cells were incubated for at least 30 min with 0.1% DMSO or either one of the two tetrapeptides at 50 µM final concentration in a static bath before recording. After incubation, the modulatory effects of PLEV and EYYV on Nav1.6-mediated currents were assessed using whole-cell patch-clamp recordings (Figures 3, 4 and Table 1). In agreement with previous studies (Ali et al., 2016, 2018; Singh et al., 2020; Wadsworth et al., 2020), expression of FGF14-GFP suppressed the Nav1.6-mediated peak transient Na+ current (INa) density (−20.58 ± 3.03 pA/pF, n = 12 vs −59.63 ± 5.33 pA/pF, n = 15; p < 0.001; one-way ANOVA Tukey’s multiple comparison test; Figures 3A,B and Table 1). In the presence of PLEV, the FGF14-mediated suppression of Nav1.6 current was partially reversed compared to control (FGF14-GFP + PLEV: −39.51 ± 5.54 pA/pF, n = 8; FGF14-GFP + DMSO: −20.58 ± 3.03 pA/pF, n = 12; p = 0.0428; one-way ANOVA Tukey’s multiple comparison test). Conversely, EYYV failed to modulate the FGF14-mediated regulatory effects on Nav1.6 peak transient INa density as compared to control (FGF14-GFP + EYYV: −18.1 ± 3.92 pA/pF, n = 10; FGF14-GFP + DMSO: −20.58 ± 3.03 pA/pF, n = 12; p = 0.9890; Figures 3A,B and Table 1). However, both PLEV and EYYV had no effect when tested in the channel alone experimental group (HEK-Nav1.6-GFP), as the Nav1.6-mediated transient peak INa density was not significantly changed (PLEV: −64.66 ± 9.1 pA/pF, n = 11; EYYV: −57.09 ± 4.66, n = 14) compared to DMSO (−59.63 ± 5.33 pA/pF, n = 15; Figures 3A,B and Table 1). Consistent with previous studies (Ali et al., 2016, 2018), co-expression of FGF14 with Nav1.6 increased the decay time constant (τ) of fast inactivation (1.72 ± 0.24 ms, n = 14 versus 1.06 ± 0.06 ms, n = 12 for FGF14-GFP + DMSO versus GFP + DMSO, respectively; p < 0.05). Despite this FGF14-mediated regulatory effect on the entry of Nav1.6 channels into fast inactivation, neither PLEV nor EYYV displayed effects on τ in the presence or absence of FGF14 (Figure 3D; Table 1).
[image: Figure 3]FIGURE 3 | PLEV and EYYV differentially modulate peak transient INa density in the presence of FGF14. (A) Representative traces of transient Na+ currents elicited by HEK293-Nav1.6 cells co-expressing either GFP of FGF14-GFP that had been treated with 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV in response to voltage-steps from −100 mV to +60 mV from a holding potential of – 70 mV (inset). (B) Current-voltage relationships for experimental groups described in (A). (C,D) Comparison of peak transient INa density (C) and tau (τ) of fast inactivation (D) for the indicated experimental groups. Data are mean ± SEM. Significance was assessed using a one-way ANOVA Tukey’s multiple comparisons test. NS = non-significant; *, p at least < 0.05 (detailed p values and summary of results are reported in Table 1).
[image: Figure 4]FIGURE 4 | Functional regulation of Nav1.6-mediated currents by PLEV and EYYV. (A) Conductance-voltage relationships for Nav1.6 cells co-expressing GFP or FGF14-GFP treated with 0.1% DMSO, 50 µM PLEV and 50 µM EYYV. (B) Comparison of V1/2 of activation between the indicated experimental groups. (C) Normalized current as a function of membrane potential to characterize the effects of 0.1% DMSO, 50 µM PLEV, and 50 µM EYYV on steady-state inactivation. (D) Comparison of V1/2 of steady-state inactivation between the indicated experimental groups. (E) Ratio maximal INa plotted as a function of depolarization cycle to characterize the effects of 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV on entry of Nav1.6 channels into long-term inactivation (LTI) in the presence and absence of FGF14. Cells were subjected to four 0 mV 16 ms depolarizations separated by −90 mV 40 ms recovery intervals. (F) Bar graph represented 2nd, 3rd, and 4th pulse of LTI. (G,H) Characterization of cumulative inactivation of Nav1.6 channels in the presence or absence of FGF14 exposed to 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV. It was examined by applying a 2 ms test pulse to −10 mV, 20 times at frequency10 Hz from a holding potential of −80 mV. Data are mean ± SEM. Significance was assessed using a one-way ANOVA Tukey’s multiple comparisons test. NS = non-significant; *, p value at least < 0.05 (detailed p values and summary of results are reported in Tables 1, 3).
TABLE 1 | Nav1.6 currents in the presence of FGF14 and tetrapeptides PLEV, EYYV.
[image: Table 1]PLEV and EYYV Display Convergent Modulatory Effects on Steady-State Inactivation, But Divergent Modulatory Effects on Long-Term and Cumulative Inactivation
Consistent with previous investigations (Ali et al., 2016, 2018; Singh et al., 2020), co-expression of FGF14 with Nav1.6 resulted in depolarizing shifts in the voltage-dependence of Nav1.6 channel activation (−24.21 ± 1.02 mV, n = 12 versus 27.98 ± 1.48 mV, n = 14 for FGF14-GFP + DMSO and GFP + DMSO, respectively; p < 0.05; Figures 4A,B and Table 1) and Nav1.6 channel steady-state inactivation (−56.67 ± 0.69 mV, n = 14 versus −60.93 ± 1.3 mV, n = 13 for FGF14-GFP + DMSO and GFP + DMSO, respectively; p < 0.05; Figures 4C,D and Table 1). Whereas neither peptide displayed modulatory effects on the voltage-dependence of activation (Figures 4A,B and Table 1), both peptides reversed the FGF14-mediated depolarizing shift in Nav1.6 channel steady-state inactivation (Figures 4C,D). Similar to the results shown in Figure 3, both peptides displayed no effects in the absence of FGF14 on either Nav1.6 channel activation or steady-state inactivation.
In contrast to their conserved effects on Nav1.6 channel steady-state inactivation, PLEV and EYYV displayed divergent effects on long-term inactivation (LTI) and cumulative inactivation induced by applying a 2 ms test pulse to −10 mV 20 times at frequency of 10 Hz from a holding potential of −80 mV. Similar to results shown in Figure 3 and Figures 4A–D, both PLEV and EYYV displayed no effect on LTI or cumulative inactivation in the absence of FGF14 (Figures 4E–H and Table 1). Additionally, EYYV displayed no effects on LTI or cumulative inactivation in the presence of FGF14 (Figures 4E–H and Table 1). Notably, however, in the presence of FGF14, PLEV markedly altered the function of FGF14 as it pertains to its regulatory effects on LTI and cumulative inactivation. Specifically, treatment of HEK-Nav1.6 cells co-expressing FGF14 with PLEV resulted in an increased fraction of channels entering into LTI compared to HEK-Nav1.6 cells co-expressing FGF14 treated with vehicle (Figures 4E,F and Table 1). Paradoxically, treatment of HEK293-Nav1.6 cells co-expressing FGF14 with PLEV resulted in an increased number of available channels after repetitive stimulation, whereas treatment of HEK293-Nav1.6 cells co-expressing FGF14 with DMSO (control) resulted in roughly the same number of available channels before and after repetitive stimulation (Figures 4G,H and Table 1). Consistent with the results of the molecular modeling study shown in Figure 1, the results of these functional studies highlight conserved and divergent modulatory effects of PLEV and EYYV on the Nav1.6 channel macromolecular complex.
Functional Effects of PLEV and EYYV on Nav1.6 Channel Activity Are Dependent Upon the Presence of the N-terminal Domain of FGF14
The role of the N-terminal domain of FGF14 in conferring its functional regulation of Nav channel activity is widely recognized (Lou et al., 2005; Laezza et al., 2007; Yan et al., 2014; White et al., 2019). According to current models of iFGF-mediated regulation of Nav channel activity, it is proposed that the core domain of FGF14 interacts with the CTD of Nav1.6, which resultantly orients the N-terminal domain of FGF14 such that it can occlude the internal mouth of the pore (Yan et al., 2014; White et al., 2019). Resultantly, both mutating residues of the core domain of FGF14 that enable its PPI with the CTD of Nav1.6 and truncation of the N-terminal domain of FGF14 have been shown to reverse FGF14-mediated regulation of Nav1.6 channel activity (Yan et al., 2014). Based upon this model of FGF14-mediated regulation of Nav1.6 channel activity, we next sought to investigate if PLEV and EYYV, which are derived from the core domain of FGF14, exert their modulatory effects on Nav1.6 channel activity through a mechanism dependent upon the N-terminal domain of FGF14. To do so, HEK293-Nav1.6 cells were transiently transfected with a cDNA construct corresponding to a FGF14 protein product with a truncated N-terminal domain (FGF14-ΔNT-GFP, 64–252 amino acid residues). Transiently transfected cells were then treated with 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV, after which whole-cell patch-clamp electrophysiology was performed as described for Figure 3 and Figure 4.
In these studies, we observed the previously identified (Laezza et al., 2007; Singh et al., 2020) phenotype in which co-expression of FGF14-ΔNT with Nav1.6 resulted in a potentiation of Nav1.6 mediated peak transient INa density compared to co-expression of GFP (FGF14-ΔNT DMSO: −85.26 ± 8.59 pA/pF, n = 13 compared to GFP DMSO: −59.63 ± 5.33 pA/pF, n = 14; p = 0.0162, Student’s t-test; Figures 5A,B and Tables 1, 2). Unlike the effects of PLEV on peak transient INa density observed in the presence of FGF14 (see Figure 3), the peptide displayed no effects on this electrophysiological parameter when the N-terminal domain of FGF14 was truncated (Figures 5A–C). EYYV similarly displayed no effects on peak transient INa density in the presence of FGF14-ΔNT (Figures 5A–C). The lack of effects of both peptides on peak transient INa density in the presence of FGF14-ΔNT were accompanied by lack of effects on τ of fast inactivation (Figure 5D).
[image: Figure 5]FIGURE 5 | The N-terminal domain of FGF14 is required for functional activity of peptides on peak transient INa density. (A) Representative traces of transient Na+ currents elicited by HEK293-Nav1.6 cells co-expressing FGF14-ΔNT-GFP treated with 0.1% DMSO, 50 µM PLEV and 50 µM EYYV in response to voltage steps from −100 mV to +60 mV, holding potential of −70 mV (inset). (B) Current-voltage relationships for experimental groups described in (A). (C,D) Comparison of peak transient INa density (C) and tau (τ) of fast inactivation (D) for the indicated experimental groups. Data are mean ± SEM. Significance was assessed using Student’s t-test comparing cells treated with 0.1% DMSO, 50 µM PLEV and 50 µM EYYV. NS = non-significant. Table summary of results is shown in Table 2.
TABLE 2 | Nav1.6 currents in the presence of FGF14-ΔNT and tetrapeptides PLEV, EYYV.
[image: Table 2]TABLE 3 | Nav1.6 channel LTI in the presence of FGF14 and tetrapeptides PLEV, EYYV.
[image: Table 3]Similar to their lack of effects on Nav1.6 channel activation in the presence of FGF14, PLEV and EYYV displayed no effects on this electrophysiological parameter in the presence of FGF14-ΔNT (Figures 6A,B). Notably, however, whereas both PLEV and EYYV reversed FGF14-mediated regulatory effects on Nav1.6 channel steady-state inactivation (Figures 4C,D), neither peptide displayed effects on this parameter in the presence of FGF14-ΔNT (Figures 6C,D). Furthermore, the additional modulatory effects of PLEV on LTI and cumulative inactivation observed in the presence of FGF14 were also not observed in the presence of FGF14-ΔNT (Figures 6E–H). Overall, these studies provide strong evidence that these two peptides, despite being derived from the core domain of FGF14, exert their effects on Nav1.6 channel activity through a mechanism dependent upon the presence of the N-terminal domain of FGF14.
[image: Figure 6]FIGURE 6 | The N-terminal domain of FGF14 is required for peptides to exert modulatory effects on Nav1.6 channel inactivation. (A) Conductance-voltage relationships for HEK293-Nav1.6 cells co-expressing FGF14-ΔNT-GFP treated with 0.1% DMSO, 50 µM PLEV and 50 µM EYYV. (B) Comparison of V1/2 of activation between the indicated experimental groups. (C) Normalized current as a function of membrane potential to characterize the effects of 0.1% DMSO, 50 µM PLEV and 50 µM EYYV on steady-state inactivation. (D) Comparison of V1/2 of steady-state inactivation between the indicated experimental groups. (E) Ratio maximal INa plotted as a function of depolarization cycle to characterize entry of Nav1.6 channels exposed to 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV in the presence of FGF14-ΔNT. Cells were subjected to four 0 mV 16 ms depolarizations separated by −90 mV 40 ms recovery intervals. (F) Bar graph represented 2nd, 3rd, and 4th pulse of LTI. (G,H) Assessment of cumulative inactivation of Nav1.6 channels exposed to 0.1% DMSO, 50 µM PLEV, or 50 µM EYYV in the presence of FGF14-ΔNT. It was examined by applying a 2 ms test pulse to −10 mV 20 times at frequency10 Hz from a holding potential of −80 mV. Data are mean ± SEM. Significance was assessed using an Student’s t-test comparing cells treated with 0.1% DMSO, 50 µM PLEV and 50 µM EYYV. NS = non-significant; *, p at least < 0.05 (detailed p values and summary of results are reported in Tables 2, 4).
TABLE 4 | Nav1.6 channel LTI in the presence of FGF14-ΔNT and tetrapeptides PLEV, EYYV.
[image: Table 4]DISCUSSION
PLEV and EYYV represent previously identified tetrapeptides that correspond to clusters of amino acids on the β12 sheet and β8-β9 loop of FGF14, respectively, that are at the FGF14’s PPI interface with the CTD of Nav1.6 (Ali et al., 2014, 2016; Singh et al., 2020). Given the primacy of these structural motifs of FGF14 in enabling FGF14:Nav1.6 complex assembly, we investigated if short peptides corresponding to these motifs of FGF14 could confer functionally relevant modulation of the Nav1.6 channel macromolecular complex. Given that perturbation of the PPI between FGF14 and the CTD of Nav1.6 gives rise to neural circuitry aberrations that are linked to neurologic and neuropsychiatric disorders (Di Re et al., 2017; Paucar et al., 2020), such peptides could represent promising “small-molecular inhibitor starting points (SMISP)” to develop PPI-targeting neuromodulators (Koes and Camacho, 2012a; 2012b). To pharmacologically evaluate the PLEV and EYYV tetrapeptides as potential SMISPs, we employed an amalgam of complementary and orthogonal approaches including in silico molecular modeling, the LCA, and whole-cell patch-clamp electrophysiology. These results demonstrated that PLEV and EYYV both displayed functional modulation of the Nav1.6 channel macromolecular. Despite displaying mostly convergent modulatory effects on Nav1.6 channel activity, PLEV and EYYV displayed some divergent effects, consistent with their derivation from different structural motifs of FGF14. Overall, these studies provide strong evidence that PLEV and EYYV could serve as promising scaffolds for the development of chemical probes targeting the PPI interface between FGF14 and the CTD of Nav1.6. Additionally, this study further support the notion that short peptides derived from “hot spot” (London et al., 2010, 2013) of PPI interfaces could serve as innovative probes to guide drug discovery efforts.
PLEV and EYYV Disrupt FGF14:Nav1.6 Complex Assembly Through Predicted Interactions With Resides at the PPI Interface
In our previous study (Singh et al., 2020), we pharmacologically evaluated all three tetrapeptides at a single concentration of 50 µM using the LCA. In the FGF14:Nav1.6 wild type condition, all three tetrapeptides displayed comparable single concentration activity. In conditions in which putative “hot spot” residues at the FGF14:Nav1.6 PPI interface were mutated, such as Y158 and V160 (Ali et al., 2016, 2018), the three peptides displayed some divergent effects. For example, in the FGF14V160A condition, all three peptides lost activity, whereas in the FGF14Y158A condition, FLPK retained its inhibitory effects on FGF14:Nav1.6 complex assembly, whereas PLEV and EYYV were shown to increase FGF14:Nav1.6 complex assembly.
Based upon these divergent effects of PLEV and EYYV compared to FLPK, we elected to further pharmacologically evaluate these two tetrapeptides in the present investigation. In dose-response analyses studies, PLEV and EYYV were shown to inhibit FGF14:Nav1.6 complex assembly with IC50 values of 41.1 ± 4.4 µM and 35.7 ± 4.7 µM, respectively. These in-cell studies, considered collectively with the in silico molecular modeling studies, highlight potential residues of FGF14 that, when occupied by a ligand, inhibit FGF14:Nav1.6 complex assembly. For example, PLEV and EYYV have predicted interactions with residues of the core domain of FGF14 including R117 and E152, as well as predicted interactions with residues of the N-terminal domain of FGF14 including K74. Given these predicted modes of binding coupled with the inhibitory effects of PLEV and EYYV on FGF14:Nav1.6 complex assembly, these residues could represent potential “hot spots” for the development of small molecular modulators targeting the FGF14:Nav1.6 PPI interface.
PLEV and EYYV Modulates Nav1.6 Channel Activity
To test whether PLEV and EYYV affected Nav1.6-mediated currents, we employed whole-cell patch-clamp electrophysiology in heterologous cell systems. We used HEK cells stably expressing human Nav1.6 (HEK-Nav1.6), and transiently transfected with GFP (HEK293-Nav1.6-GFP) or FGF14-GFP (HEK293-Nav1.6-FGF14-GFP) and treated with 50 µM PLEV and EYYV or 0.1% DMSO (Figures 3, 4). Both peptides did not show measurable effect in the absence of FGF14 (Nav1.6-GFP); however, PLEV partially reversed the FGF14-mediated regulatory effects on peak transient INa density (Figures 3A–C; Table 1). This effect was not observed due to treatment with EYYV, highlighting the divergent mechanisms of action of the two tetrapeptides. Unlike their differential modulation of FGF14-mediated regulatory effects on peak transient INa density, PLEV and EYYV displayed conserved effects in terms of reversing FGF14-mediated regulatory effects on Nav1.6 channel steady-state inactivation (Figures 4C,D; Table 1). Whereas PLEV and EYYV displayed conserved modulatory effects on Nav1.6 channel steady-state inactivation, PLEV also displayed distinct effects on LTI and cumulative inactivation that were not observed due to treatment with EYYV. Specially, PLEV increased the fraction of Nav1.6 channels that entered into LTI in a FGF14-dependent fashion, indicating a complex mechanism of action where treatment with PLEV results in altered function of FGF14. PLEV similarly altered the function of FGF14 as it related to cumulative inactivation, as HEK293-Nav1.6-FGF14-GFP cells treated with PLEV displayed an increased number of available channels after repetitive stimulation, whereas the same cells treated with DMSO displayed no change in the number of available channels before and after repetitive stimulation. All together, these effects demonstrate that PLEV and EYYV display both convergent and divergent effects on Nav1.6 channel activity, which could be attributable to their derivation from different structural motifs of FGF14 and differential interactions with residues at the FGF14:Nav1.6 PPI interface.
FGF14-1b N-Terminus Domain Required to Modulate Nav1.6 Channel Activity
The N-terminal domain of FGF14-1b, the splice variant of FGF14 studied in the present investigation, is essential for conferring FGF14-mediated regulation of Nav1.6 channel activity, as deletion of the N-terminus of FGF14-1b abolishes the regulatory effects of FGF14 on a myriad of electrophysiological properties of Nav1.6 channels (Laezza et al., 2007; Yan et al., 2014). In line with previous studies, FGF14-ΔNT potentiates Nav1.6 current densities (Figures 3A–C, 5A–C; Tables 1, 2), causes a depolarizing shift in the voltage-dependence of Nav1.6 channel activation, a hyperpolarizing shift in the voltage-dependence of Nav1.6 channel steady-state inactivation, while having no effects on LTI or cumulative inactivation of Nav1.6 channels (Figures 3, 5E–H; Tables 1, 2) (Laezza et al., 2007, 2009; Ali et al., 2018; Singh et al., 2020). In contrast to the modulatory effects of PLEV and EYYV on Nav1.6 channel activity in the presence of FGF14, the peptides display no effects in the presence of FGF14-ΔNT. As such, while the peptides are derived from clusters of amino acids constituent to the core domain of FGF14, their mechanisms of action are nevertheless dependent upon the N-terminal domain of FGF14. Given the central role of the N-terminus of FGF14-1b in the generation of resurgent INa and the repetitive firing of action potentials (Yan et al., 2014), these results have important implications for anticipating the functional effects of both tetrapeptides in the native system. As FGF14-1b is highly enriched in clinically relevant brain regions, including the nucleus accumbens (Ali et al., 2018) and hippocampus (Hsu et al., 2016), along with Nav1.6, these peptides that disrupt their complex assembly could represent promising scaffolds for their development of PPI-targeting neuromodulators (Dvorak et al., 2021).
CONCLUSION
We have studied the modulatory effects of the tetrapeptides PLEV and EYYV, which correspond to residues of FGF14 that are at its PPI interface with the CTD of the Nav1.6 channel, on FGF14:Nav1.6 complex assembly and the functional activity of the Nav1.6 channel macromolecular complex. We have shown that both peptides functionally modulate Nav1.6 channel activity in a manner dependent upon the N-terminal domain of FGF14. Whereas both tetrapeptides inhibited FGF14:Nav1.6 complex assembly and reversed the FGF14-mediated depolarizing shift in the voltage-dependence of Nav1.6 channel steady-state inactivation, PLEV exerted additional modulatory effects not observed due to treatment with EYYV. Specially, PLEV increased the fraction of Nav1.6 channels that entered into LTI and modulated the fraction of channels that re-open during repetitive stimulation in a FGF14-depedent manner, indicating a complex mechanism of action where treatment with PLEV results in altered function of FGF14. Consistent with the molecular modeling studies shown in Figure 1, these nonoverlapping modulatory effects on Nav1.6 channel activity could be attributable to the tetrapeptides being derived from different structural motifs of FGF14 and resultantly displaying divergent interactions with residues at the FGF14:Nav1.6 PPI interface.
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Tool or server

PIPERFlexPepDock

ClusPro PeptiDock

CABS-dock

pPepATTRACT

Surflex-Dock

Gold

DINC 2.0

AutoDock Vina

PEP-FOLD 3

HADDOCK peptide
docking

PepCrawler

Rosetta
FlexPepDock

PepComposer

GalaxyPepDock

URL

http://piperfpd.furmaniab.
cs.huji.ac.il

https:
//peptidock.cluspro.org/

http://biocomp.chem.uw.
edu.pl/CABSdock and as
a standalone version
http://bioserv.rpbs.univ-
paris-diderot.fr/services/
PepATTRACT/

Standalone version

Standalone version

http://dinc.kavrakilab.org

Standalone version

http://bioserv.rpbs.univ-
paris-diderot.fr/services/
PEP-FOLD3
http://milou.science.uu.
nl/services/HADDOCK?2.
2/haddock.php

http://bioinfo3d.cs.tau.
ac.il/PepCrawler/

http://flexpepdock.
furmanlab.cs.huiji.ac.il
and standalone version

http://biocomputing.it/
pepcomposer/webserver

http://galaxy.seoklab.org/
pepdock and a
standalone version

Required input

N/A

N/A

N/A

N/A

Pc and B (binding site
region mark by user)

Pc and B(binding site
region mark by user)

Pc and B(binding site
region mark by user)

Pc and B(binding site
region mark by user)

PcB

PcB (binding site residues
list by user)

PcB

PcB

B (does not require
peptide sequence)

N/A

Brief description

(1) Global docking method, (2) Using Rosetta
fragment picker for predicting peptide conformation,
() Rigid-body docking by using PIPER (Kozakov

et al., 2006), (4) scoring by using Rosetta energy
function, (5) Rosetta FlexPep Dock for refinement
(London et al., 2011)

(1) Global docking method, (2) Prediction of peptide
conformation based on motif, (3) Rigid-body docking
by using PIPER[1], (4) Using structural clustering for
scoring

(1) Global docking method, (2) scoring based on
clustering, (3) Receptor flexibility is typically limited to
small backbone, which can be increased if needed
(1) Global docking method, (2) use ATTRACTscore for
scoring, (3) use IATTRACT for flexible refinement of
models (Schindler et al., 2015), (4)both interacting
residues of receptor and ligand are flexible

(1) Local docking method, (2) Peptide conformations
inside binding pockets are created using a rotamer
library, (3) Receptor flexibility is restricted to the
pocket of binding site

(1) Local docking method, (2) Monte-Carlo-based
sampling of peptide conformations inside binding site
pocket, (3) Flexibility in receptors is either restricted to
side chains or is implicit (ensemble docking)

(1) Local docking method, (2) The structure of the
receptor remains rigid during docking, (3) for docking
long peptides according to AutoDock4, the peptide is
divided into increasing length segments.

(1) Local docking method, (2) Monte-Carlo-based
sampling of peptide conformations inside binding site
pocket, (3) Receptor flexibility is typically limited to
side chains, which can be increased to backbone if
needed

(1) Local docking method, (2) sampling of peptide
conformations according to Monte-Carlo, (3)
clustering of resulting models based on RMSD

(1) Local docking method, (2) Threading a peptide
sequence into three peptide conformations results in
the creation of peptide structures, (3) rigid-body
docking of peptide inside the binding site pocket, (4)
binding free energy used for scoring, (5) binding site
residues and peptide are fully flexible

(1) Local docking method, (2) peptide is fully flexible
and Rapidly exploring Random Trees algorithm using
for its docking, (3) use clustering for scoring, (4) the
flexibility of Receptor restricted to sidechains

(1) Local docking method, (2) optimization flexible
peptide inside receptor pocket based on Monte
Carlo, (3) Receptor flexibility is typically limited to side
chains, which can be increased if needed, (4)Using
Rosetta energy function for scoring

(1) Template-based docking method, (2) In the
database of experimentally solved monomeric
proteins, look for regions that are structurally close to
the region of a predefined binding site

(1) Template-based docking method, (2) Look for
templates that are identical in form and interaction, (3)
energy-based optimization use for model building,
(4)scoring is done according to energy
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Type

Hmmstr/Rosetta

Protinfo

Pepstr

FlexPepDock

PepLook

PepSite

Pep-Fold

Pep-Fold3

Brief description

The HMMSTR/Rosetta Server predicts the structure of proteins
from the sequence: secondary, local, supersecondary, and
tertiary

Protinfo PPC is a web server that predicts atomic level
structures of interacting proteins from their amino-acid
sequences

This server predicts the tertiary structure of short peptides with
sequence length varying between 7 to 25 residues

The Rosetta FlexPepDock protocol for high-resolution docking
of flexible peptides which mainly consists of two alternating
modules that optimize the peptide backbone and rigid body
orientation, respectively, using the Monte-Carlo with
Minimization approach.

Peplook server, an efficient tool to predict peptide conformation

This server is a tool for accurate prediction of peptide binding
sites on protein surfaces

PEP-FOLD is a de novo approach aimed at predicting peptide
structures from amino acid sequences. This method, based on
structural alphabet letters

PEP-FOLD3 latest evolution comes with a new 3D generation
engine, based on a new Hidden Markov Model sub-optimal
conformation sampling approach, faster by one order of
magnitude than the previous greedy strategy, while not affecting
performance

URL

http://www.bioinfo.rpi.edu/~bystrc/
hmmstr/about.html

http://protinfo.compbio.
washington.edu/ppc/

http://www.imtech.res.in/raghava/
pepstr/

http://flexpepdock.furmanlab.cs.
huji.ac.il/

https://orbi.uliege.be/handle/2268/
135016

http://pepsite2.russelllab.org

https://bioserv.rpbs.univ-paris-
diderot.fr/services/PEP-FOLD/

https://bioserv.rpbs.univ-paris-
diderot.fr/services/PEP-FOLD3/
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Type

IBIS

PredUs

PriISEC

PS-HomPP*

NPS-HomPPI*

ProBiS

Brief introduction

IBIS is practical server that can sever and identify most of
interaction (protein-protein, RNA-protein and etc.)

PredUS is a structural similarity-based method and it is useful
for detection of several features including designing of adjacent
protein, mapping the interfacial space residues, measurement
of residue interface score

This server measures surface patch which its function algorithm
based on surface residues and atomic formation.

Extracting of interfacial residues via similar residues between
binding proteins(intelligent server)

Prediction of probable interacting residues with different
proteins(unintelligent server)

Using local structure alignment for identification of
protein-protein interfaces

URL

http://www.ncbi.nim.nih.gov/Structure/ibis/ibis.cgi

https://bhapp.c2b2.columbia.edu/PredUs/

http://prise.cs.iastate.edu/

http://ailab1.ist.psu.edu/PSHOMPPIv1.2/

http://ailab1.ist.psu.edu/NPSHOMPPI/

http://probis.cmm.ki.si/
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* Intelligent server means a server that is considered protein with special connector.

*Unintelligent server means a server that is considered protein with different connectors.
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Type

ProMate(Str)*

WHISCY

PINUP(Str)*
PIER(Str)*
SPPIDER (Str)*
PSIVER(Seq)*

Brief introduction

Circling of surface residues and Possible estimation of the
binding affinity in each selected residues

It is a versatile server that is capable to use sequence and
structure and its function is measurement of similarity score
based on Dayhoff matrix

Presentation of scoring function such as conservation score
Recognition of interfacial & un-interfacial surface residues
Identification of measured (RSA)* and real (RSA)

Detection of binding sites between two proteins via Naive
Bayes and PSSM

URL

bioinfo41.weizmann.ac.il/promate/promate.html

http://nmr.chem.uu.nl/Software/whiscy/

http://sysbio.unl.edu/services/PINUP/
http://abagyan.ucsd.edu/PIER/
http://sppider.cchmc.org/
http://tardis.nibio.go.jp/PSIVER/
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(Str)*, structure; (Seq)*, sequence; (RSA)*, relative solvent accessibility.
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Type

Cons-PPISP(Str)

meta-PPISP(Str)

CPORT(Str)

Brief introduction

A server that is able to identify interaction sites by using some
features such as specific position of surface residue,
accessibility of surface residue

Strength incorporation of recognizing sections of three servers
(PINUP, Cons-PPISP, ProMate)

Incorporation of six servers (PINUP, Cons-PPISP, ProMate,
SPPIDER, PIER, WHISCY)

URL

https://pipe.scs.fsu.edu/ppisp.html

http://pipe.scs.fsu.edu/meta-ppisp.html

http://alcazar.science.uu.nl/services/CPORT/
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Database Peptide type

Antimicrobial peptides (AMPs) database

Peptaibol Peptaibol
Defensins Defensins
Knowledgebase
PhytAMP Plant AMPs
BACTIBASE Bacteriocins
BaAMPs AMP
APD3 AMP
CAMPR3 AMP
InverPep Invertebrates
AMPs
MBPDB Milk bioactive
peptide
BAGEL4 Bacteriocins
DBAASP v3 AMP

Targeted delivery-related databases

TumorHope Therapeutic
Peptides
CPPsite 2.0 Cell penetrating

peptide

Disease-specific databases

Hemolytik Hemolytic and
non-hemolytic
peptides

AVPdb Antiviral
peptides

ParaPep Antiparasitic
peptides

CancerPPD Anticancer
peptides

SATPdb Bioactive
peptide

THPdb FDA- approved
therapeutic
peptides

StraPep Bioactive
peptide

BIOPEP-UWM Bioactive
peptide

WALTZ-DB 2.0 Amyloid-
forming
peptide

Special peptides databases

NeuroPedia Neuropeptides

NeuroPedia Neuropeptides

ConoServer (Venom toxin
peptide)
conopeptides

DADP Anuran defense
peptides

Quorumpeps? Quorum
sensing
peptides

NeuroPep Neuropeptides

ArachnoServer 3.0 (Venom toxin
peptide) (Spider
venom)

Norin Non-ribosomal
peptides

Sequence and structure resource for the unusual class of
peptides known as peptaibols

A manually curated database of more than 350 defensin
records each containing sequence, structure and activity
information

A specialized database for plant AMPs containing sequence
information and physicochemical or biological data, along with
a set of tools for sequence analysis

A manually curated database of bacterial antimicrobial
peptides, along with various tools for bacteriocin analysis, such
as homology search, multiple sequence alignments, Hidden
Markov Models, molecular modeling

A manually curated database of AMPs specifically assayed
against microbial biofims

A AMPs database including a total of 2619 peptides, which
currently focuses on natural AMPs with defined sequences and
activities and also provides other searchable annotations,
including target pathogens, molecule-binding partners,
post-translational modifications and animal models.

A database of sequences, structures and family-specific
signatures of prokaryotic and eukaryotic AMPs containing
10247 sequences, 757 structures and 114 family-specific
signatures

A manually curated database specialized in experimentally
validated AMPs from invertebrates and its information

A comprehensive database of bioactive peptides derived from
milk proteins from any mammalian source

A mining web server of RiPPs (ribosomally synthesized and
posttranslationally modified peptides) and bacteriocins

A continuously updated database of antimicrobial activity and
structure of peptides

A database of experimentally validated tumor homing peptides
containing 744 peptides with information on sequence, target
tumor, target cell, peptide receptor, techniques of identification,
and also providing secondary/tertiary structure, amino acid
composition, and physicochemical properties of peptides which
derived from their sequences

A manually curated database of cell-penetrating peptides
containing around 1850 peptide entries and providing predicted
tertiary structure of peptides, possessing both modified and
natural residues

A manually curated resource of experimentally determined
hemolytic and non-hemolytic peptides containing 3000 entries
that include ~2000 unique peptides with information on
sequence, name, origin, reported function, property such as
chirality, types (linear and cyclic), end modifications as well as
providing predicted tertiary structure of each peptide

A resource of experimentally verified antiviral peptides targeting
over 60 medically important viruses including Influenza, HCV,
HSV, RSV, HBV, DENV, SARS, etc. containing detailed
information of 2683 peptides, including 624 modified peptides
experimentally tested for antiviral activity

A repository of experimentally validated antiparasitic peptide
sequences and their structures

A manually curated resource of experimentally verified
anticancer peptides (ACPs) and anticancer proteins, consists of
3491 ACP and 121 anticancer protein entries, and contains
peptides having non-natural, chemically modified residues and
D-amino acids

A database of structurally annotated therapeutic peptides,
holds 19192 unique experimentally validated therapeutic
peptide sequences having length between 2 and 50 amino
acids, and covers peptides having natural, non-natural, and
modified residues

A manually curated resource of FDA-approved therapeutic
peptides and proteins with information on their sequences,
chemical properties, composition, disease area, mode of
activity, physical appearance, category or pharmacological
class, pharmacodynamics, route of administration, toxicity, and
target of activity

Collection of all the bioactive peptides with known structure,
containing 3791 bioactive peptide structures, which belong to
1312 unique bioactive peptide sequences

A continuously updated database of bioactive peptides derived
from foods

A database providing information on experimentally determined
amyloid-forming hexapeptide sequences

A Neuropeptide Database, provided through hyperlinks to
bioinformatic databases on genome and transcripts, protein
structure and brain expression of Neuropeptides

A neuropeptide databank of peptide sequences (including
genomic and taxonomic information) and spectral libraries of
identified MS/MS spectra of homolog neuropeptides from
multiple species

A specialized database of sequence and structures of
conopeptides (expressed in carnivorous marine cone snails)

A manually curated resource of anuran defense peptides
containing 2571 entries with a total of 1923 non-identical
bioactive sequences

A database of quorum sensing peptides with information on
structure, activity, physicochemical properties, and related
literature

A comprehensive and most complete resource of
neuropeptides, which holds 5949 non-redundant
neuropeptides together with information on source organisms,
tissue specificity, families, names, post-translational
modifications, 3D structures (if available) and literature
references

A manually collection of information on the sequence, structure,
function and pharmacology of spider-venom toxin peptides

A database of non-ribosomal peptides together with tools for
their analysis containing 1740 peptides

URL

http://www.cryst.bbk.ac.uk/
peptaibol

http:
//defensins.bii.a-star.edu.sg

http:
//phytamp.hammamilab.org/

http://bactibase.hammamilab.
org/main.php
http://www.baamps.it

https:
//wangapd3.com/main.php

www.camp3.bi
cnirrh.res.in.

ciencias.medellin.
unal.edu.co/gruposde
investigacion/prospecciony
disenobiomoleculas/InverPep
/public/home_en

http:
//mbpdb.nws.oregonstate.edu
http://bagel4.molgenrug.nl

http://dbaasp.org.

http://crdd.osdd.net/raghava/
tumorhope/.

http://crdd.osdd.net/raghava/
cppsite/

http://crdd.osdd.net/raghava/
hemolytik/

http:
//crdd.osdd.net/servers/avpdb/

http://webs.iiitd.edu.in/
raghava/parapep/

http://crdd.osdd.net/raghava/
cancerppd/

http://crdd.osdd.net/raghava/
satpdb/

http://crdd.osdd.net/raghava/
thpdb/

http://isyslab.info/StraPep

http:
//www.uwm.edu.pl/biochemia
http://waltzdb.switchlab.org/

www.neuropeptides.nl

http://proteomics.ucsd.edu/
Software/NeuroPedia/

http://www.conoserver.org

http://split4.pmfst.hr/dadp/

http://quorumpeps.ugent.be/

http://isyslab.info/NeuroPep

http://arachnoserver.org/

https://bicinfo.cristal.univ-lille.fr/

norine/
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Description

Prediction of AMPs

Prediction of Antiviral peptide

Prediction of Antifungal Peptides

Prediction of antibacterial peptide

Prediction of Anti-Tubercular
Peptides

Prediction and classification of
antimicrobial peptides

Prediction of antimicrobial peptides

Anticancer peptide prediction

Prediction and Analysis of
Anti-Angiogenic Peptides
Prediction of anti-hypertensive
peptides

Half Life Prediction

Predict and design toxic/non-toxic
peptides

Improved and robust prediction of
hemolytic peptide and its activity

Prediction of pro-inflammatory
antigenicity of peptides
Prediction of Cell penetrating
peptide

Prediction of bioactive peptide

Name URL

APD3:
https://wangapd3.com/main.php
CAMPRS: http://www.camp3.bicnirrh.
res.in/prediction.php

Deep-AmPEP3:
https://cbbio.cis.um.edu.mo/AxPEP

AVPpred:
http://crdd.osdd.net/servers/avppred
AVCpred:
http://crdd.osdd.net/servers/avcpred
Meta-iAV http://codes.bio/meta-iavp/
Antifp:
http://webs.iiitd.edu.in/raghava/antifp

Antibp2: http:
//www.imtech.res.in/raghava/antibp2/
AtbPpred:
http://thegleelab.org/AtbPpred
ClassAM:
http://Awww.bicnirrh.res.in/classamp/
iAMPpred:
http://cabgrid.res.in:8080/amppred/
IACP: https://bio.tools/iacp

MLACP:
http://www.thegleelab.org/MLCPP/

ACPred: http://codes.bio/acpred/

AntiCP 2.0: https:
//webs.iiitd.edu.in/raghava/anticp2

TargetAntiAngio:
http://codes.bio/targetantiangio/
MAHTPred:
http://thegleelab.org/mAHTPred

HLP:
http://www.imtech.res.in/raghava/hip/
ToxinPred: https:
//webs.iiitd.edu.in/raghava/toxinpred

HLPpred-Fuse:
http://thegleelab.org/HLPpred-Fuse/

Prolnflam: http:
//metagenomics.iiserb.ac.in/proinflam/
CellPPD : http:
//webs.iiitd.edu.in/raghava/cellppd/
CPPpred:
http://bioware.ucd.ie/cpppred
CPPred-RF:
http://server.malab.cn/CPPred-RF
PeptideRanker: http://bioware.ucd.ie/

Method

Support vector machine

[Support Vector Machines (SVMs),
Random Forests (RF) and Discriminant
analysis (DA)]

Optimal feature set of PseKRAAC
reduced amino acids composition and
convolutional neural network

Support Vector Machine

Support vector machine

Sequence-based meta-predictor
Support vector machine based model
developed using compositional features
of peptides

Support Vector Machine (SVM)

Two-layer machine learning (ML)-based
predictor

Support vector machine

Support vector machine

Support vector machine (SVM)

Support vector machine- and random
forest-based machine-learning
methods

Machine learning models (support
vector machine and random forest) and
various classes of peptide features
Various input features and
implementing different machine learning
classifiers

Random forest classifier in conjunction
with various classes of peptide features.
Six different ML algorithms, namely,
Adaboost, extremely randomized tree
(ERT), gradient boosting (GB),
k-nearest neighbor, random forest (RF),
and support vector machine (SVM)
using 51 feature descriptors derived
from eight different feature encoding
SVM based models

Machine learning technique and
quantitative matrix using various
properties of peptides

Integrating six different machine
learning classifiers and nine different
sequence-based encoding

Machine learning-based prediction

Support vector machine and motif
2013 based

Neural networks

Two-layer prediction framework based
on the random forest algorithm

Neural Network
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Condition Peak density Activation Kact Steady-state inactivation Kinaot Tau (1)
PA/PF mv mv mv mv Ms

GFP DMSO -5963+533(14)  -27.98:148(15)  523+055(12) -60.93 £ 1.3 (19) 588+050(13)  1.06+0.06 (12)
GFP PLEV -6466+9.1(11)  -2801+167(11)  3.97 +057 (11) -66.9 £ 3.25 (10) 590087 (10)  1.48+0.25(11)
GFP EYYV -57.09 + 4.66 (14) -24.56 + 1.20 (11) 4.37 +0.40 (11) -64.93 + 2.31 (9) 6.57 + 0.37 (9) 1.14 + 0.06 (13)
FGF14-GFPDMSO ~ -20.58 +3.03 (1)  -24.21£1.02(12°  6.66 + 084 (12) -56.67 + 0.69 (14)° 652074 (14) 172+ 0.24 (14)
FGF14-GFP PLEV 3951 +5.54 (8° 2435 £ 1.10 (8) 4.55+039 (9) ~67.66 + 5.85 (7)' 7.89£090 (7) 1.54 £ 0.14 (§)

FGF14-GFP EYYV ~181£892(10)  -2211:149(10)  5.97 £0.69 (10) -66.59 + 4.16 (9 691:065(9)  1.66+0.12 (10)

Data are mean + SEM. ns, non-significant.
’ < 0.0001, one-way ANOVA post hoc Tukey's multple comparisons test compared to GFP DMSO.

% = 0.0428, Student’s t-test compared to GFP DMSO,

°D = 0.007, Student’s ttest compared to GFP DMSO.

% = 0.0337, one-way ANOVA post hoc Tukey's multiple comparisons test compared to GFP DMSO.

° = 0.0258, one-way ANOVA post hoc Tukey's multple comparisons test compared to GFP DMSO.

'b = 0.0497, one-way ANOVA post hoc Tukey's muliple comparisons test compared to FGF14-GFP DMSO.
9 = 0.0084, Student's t-test compared to FGF14-GFP DMSO.
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Condition

LTI (% Maximal Na* current)

2" pulse
GFP DMSO 95.12 + 1.66 (11)
GFP PLEV 92.1 222 (1)
GFP EYYV 91.69 + 2.1 (11)
FGF14-GFP DMSO 90.77 £ 401 (11)
FGF14-GFP PLEV 76.06 + 8.44 (7)*
FGF14-GFP EYYV 94.24 + 433 (9)

Data are mean + SEM. ns, non-significant.

3 Pulse

94.82 + 0.83 (1)
90.48 + 2.08 (11)
9153 + 2.01 (1)
101.4 + 4.74 (11)
73.56 + 592 (7)°
101.4 £ 829 (9

°p = 0.0125, one-way ANOVA post hoc Tukey's multiple comparisons test compared to FGF14-GFP DMSO.
°p = 0.0009, one-way ANOVA post hoc Tukey’s multiple comparisons test compared to FGF14-GFP DMSO.
°p = 0.0002, one-way ANOVA post hoc Tukey's multiple comparisons test compared to FGF14-GFP DMSO.

4™ Pulse

94.41 £1.05 (11)
88.55 + 1.87 (1)
91.48 + 1.93 (11)
104.9 + 6.39 (11)
74.69 + 8.06 (7)°
1015 + 6.16 (9)
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Condition

FGF14-ANT-GFP DMSO
FGF14-ANT-GFP PLEV
FGF14-ANT-GFP EYYV

Data are mean + SEM: ns = nonsignificant.

LTI (% Maximal Na' current)

2™ Pulse

92.82 + 4.57 (9)
91.27 + 3.10 (12)
98.12 + 7.34 (10)

3 Pulse

93.21 + 3.97 (9)
88.4 +233(12)
97.66 + 6.87 (10)

4™ Pulse

94.17 + 4.52 (9)
86.91 + 2.58 (12)
93.37 +8.12 (10)
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Condition Peak density Activation Kact Steady-state Inactivation Kinact Tau (1)
PA/pF MV mv mv mv ms
FGF14-ANT-GFPDMSO ~ -8526+ 850 (13  -23.13+1.79(13) 523 + 055 (13) —71.71 £ 354 (1) 5884050 (1)  1.07 £008 (19
FGF14-ANT-GFPPLEV ~ —74.19.+ 1022 (12)  -25.65+ 181 (1) 397 + 0.57 (11) -69.29 + 3.58 (9) 590:087(9)  1.21:0.15(9
FGF14-ANT-GFP EYYV 7225+ 1346 (1)  -2296 + 087 (11) 437 + 0.40 (11) -69.24 £ 2.22 (13) 657037 (13) 111014 (19

Data are mean + SEM: ns = nonsignificant.
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Sequence

H-SLQRKKPPWLKLDIPSC-NH,
H-SLQRKKPPWLKLDIPSC-NH;

CH>CO-RRRRRRRR-NI;
(FSLQRKKPPWLKLDIPSC-N/7;

CH;-CO-RRRRRRRR-VH;

H-KKPPWLKLDI-NH,
H-RRPPWLRLDI-NH,
H-RRPPWLRLDIRR-NH.
Cf-RRPPWLRLDIRR-NH,
H-RRRPPWLRLDIRR-NH

Cf- RRRPPWLRLDIRR-NH,
Dabcyl-RRRPPWLRLDIRRK-NH,
Dabcyi-RRRPPWLRLDIRRK(CA)-NH

Dabey-RRRPPWK — LRLDRRC -1
co-c;

Dabey-RRRKPPWLRLDRRC -N;
co-ciis

Dabeyl-KRRRPPWLRLDRRC -1,
Co-cs

Daby-RRRKPPWLRLDIRRC -v77,
co-ci;

SCH,PhCH,S—
CHL
Dabeyl-RRRCPPWCLRLDIRRC

SCH,PHCH,S—)
cH

Dabeyl-RRRC PPWCLRLDRRC

Code

13

14

15

16

17

R

10.7

14.2

122
1238
1.4
12.2
10.8
133
13.3
14.7

138

13.8

138

14.2

14.7

148

ESI-MS®

Ka (M) + sd*/ECso (uM)*

Mea.

2007.1
3315.0

3673.4

1236.5
1319.8
1633.0
1991.3
1788.1
2146.4
2167.5
2525.8

2197.2

2197.2

2197.2

23103

2462.3

2349.2

Mumeas.

2006.4
33154

3673.9

1236.3
1319.9
1632.6
1991.2
1788.1
2146.1
2167.3
2526.4

2197.2

2198.0

2198.0

23104

2462.5

2349.2

ERK2

18:03
0603

n.d.

150 + 1.1
1951+ 26
52+ 1.4/12.9°
nd.
13+ 0.1/3.5¢
nd.

46 +06/8.3°
nd.

41+03

1.0£02

51+04

1503

0902

4506

p38

1.1:£03
n.d.

nd.

nd.
100+ 1.1
n.d/3.7¢
nd.
1.4+ 0.3/1.3
nd.
1.0 + 0.4/3.1¢
nd.

1.7:04
1.0+07
21+06

12106

14104

32:07

*Analytical RP-HPLC was done on Nucleosil 120-3 C18 column (4.6 mm x 150 mm, 5 uim, 100 A). The applied linear gradient elution was 0 min 0% B, 2 min 0% B, 22 min90% Bat 1 mL/
min flow rate. The detection was carried on at A = 220 nm.

"ESI-MS.

“Ky was determined by fluorescence polarization assay.

“ECso values were determined by an in vitro MAPK activity assay, n.d. not determined.

All experiments were carried out at least in 3 independent measurements (R, retention time; Cf. carboxafluresceine).
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Peptide

P1
P2
P3
P4
P5
P6

Biot-P1
Biot-P3
Biot-P6

Sequence

VWELLTGRQW
QQTIFRGH
DWHPREPWCV
HDDWVSA
AGMDRTV
RGHANKV

Biotin-VWELLTGRQW
Biotin-DWHPREPWCV
Biotin-RGHANKV

Protein

Erbt
Erb1
Erb1
Ytm1
Ytmt
Ytm1

Erbt
Erb1
Ytm1

Residues

479-489
445-452
780-789
110-116
194-200
385-391

479-489
780-789
385-391
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Cluster No. Number of included frames Average MM-GBSA total AG (kcal/mol) (rounded)

1 459 -22
2 309 -28
3 460 =27
4 356 -32
5 438 -26
6 275 -28
7 890 -33

Several conformations showed a favorable MM-GBSA binding fee energy value suggesiing mullivle energetically favorabls binding staise on the thrombin surface for P2.





OPS/images/fmolb-08-718941/crossmark.jpg
©

|





OPS/images/fmolb-08-718941/fmolb-08-718941-g001.gif





OPS/images/fmolb-08-707661/fmolb-08-707661-g003.gif





OPS/images/fmolb-08-707661/fmolb-08-707661-g004.gif





OPS/images/fmolb-08-707661/fmolb-08-707661-g005.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g010.gif





OPS/images/fmolb-08-697586/crossmark.jpg
©

2

i

|





OPS/images/fmolb-08-681617/fmolb-08-681617-g006.gif
I
ISR coclans

—
e EDIIRNIARHLAXVGDKN,DRSIW

[rse—
.
) {

A XLRAIGDXVNLAGALL
W N\ (= emettyllonine)

o






OPS/images/fmolb-08-681617/fmolb-08-681617-g007.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g008.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g009.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g002.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g003.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g004.gif





OPS/images/fmolb-08-681617/fmolb-08-681617-g005.gif





OPS/images/cover.jpg
EDITED BY: Luca Domen
PUBLISHED IN: Frontiers!

@ trontiers T






OPS/images/fmolb-08-690429/fmolb-08-690429-g002.gif





OPS/images/fmolb-08-697586/fmolb-08-697586-g006.gif





OPS/images/fmolb-08-697586/fmolb-08-697586-g007.gif





OPS/images/fmolb-08-690429/crossmark.jpg
©

|





OPS/images/fmolb-08-690429/fmolb-08-690429-g001.gif





OPS/images/fmolb-08-697586/fmolb-08-697586-g002.gif





OPS/images/fmolb-08-697586/fmolb-08-697586-g003.gif





OPS/images/fmolb-08-697586/fmolb-08-697586-g004.gif
radiced hman WNTSA srctrs |

I
| clecue s repesarasion |






OPS/images/fmolb-08-697586/fmolb-08-697586-g005.gif
Proglucagon

a @

Gut and Brain processing J L Pancreas processing

Glicentin MPGF

Oxyntomodulin





OPS/images/fmolb-08-697586/fmolb-08-697586-g001.gif
Ll
o
Gt e
By .
o
.
Lagend: = masie e





