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Abstract

:

G protein-coupled receptor (GPCR) transmembrane protein family members play essential roles in physiology. Numerous pharmaceuticals target GPCRs, and many drug discovery programs utilize virtual screening (VS) against GPCR targets. Improvements in the accuracy of predicting new molecules that bind to and either activate or inhibit GPCR function would accelerate such drug discovery programs. This work addresses two significant research questions. First, do ligand interaction fingerprints provide a substantial advantage over automated methods of binding site selection for classical docking? Second, can the functional status of prospective screening candidates be predicted from ligand interaction fingerprints using a random forest classifier? Ligand interaction fingerprints were found to offer modest advantages in sampling accurate poses, but no substantial advantage in the final set of top-ranked poses after scoring, and, thus, were not used in the generation of the ligand–receptor complexes used to train and test the random forest classifier. A binary classifier which treated agonists, antagonists, and inverse agonists as active and all other ligands as inactive proved highly effective in ligand function prediction in an external test set of GPR31 and TAAR2 candidate ligands with a hit rate of 82.6% actual actives within the set of predicted actives.
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1. Introduction


G protein-coupled receptors (GPCRs) constitute one of the largest protein superfamilies in the human genome, encompassing over 800 members [1]. These receptors act to relay extracellular signals to their intracellular effectors in many cellular signaling pathways and, thus, play a critical role in several aspects of human physiology. Consequently, dysregulation of GPCR signaling can lead to diseases, such as diabetes, cancer, and nervous system disorders [2]. Given that these receptors are of immense physiological importance, GPCRs currently serve as targets for ~30% of FDA-approved drugs [3] and remain the center of focus for the development of many novel therapeutics. However, FDA-approved drugs only target 108 of the 360 known “druggable” non-olfactory GPCRs [4], indicating that a substantial swath of GPCR targets are yet to be clinically leveraged. Furthermore, ~25% of GPCR are still classified as “orphans”, signaling that they lack a known endogenous ligand and often possess an ambiguous or undefined physiological role [5]. For these understudied GPCRs, the ability to better understand and modulate their physiological roles may illuminate poorly characterized pathways relevant to the development, progression, and treatment of disease. Thus, the identification of novel ligands for understudied GPCR targets is a critical first step in the development of novel therapeutics.



Recently, GPCR ligand identification studies have employed virtual screening (VS) [6,7,8], which allows for the computational screening of large compound libraries to prioritize sets of compounds for more targeted in vitro screens. Among the various techniques used in VS studies, molecular docking remains one of the most prevalent methods of candidate prioritization due to its low financial and computational costs [9]. Molecular docking aims to accurately predict a ligand’s binding mode within the constraints of a protein target’s binding site [10]. During the docking process, potential ligand binding modes are first algorithmically sampled and then quantified and ranked with a scoring function [11]. These scoring functions are often used to identify docked poses that may reflect a ligand’s true binding mode [12], although the pose most similar to the true binding mode may not be ranked as the most energetically favorable [13]. Of even greater concern for virtual screening is the fact that multiple studies have found that pose scoring functions poorly correlate with binding affinity [14,15]. Additionally, virtual screening results in several class A GPCR examples improved with target-specific reweighting of the energetic contributions in the scoring function, suggesting imperfect transferability of scoring functions between different protein targets, even within the same family [16]. Furthermore, since classical scoring functions primarily use simplified mathematical approximations of protein–ligand binding interaction terms to estimate enthalpic contributions to ligand binding [11], they do not provide a method of segregating active compounds from inactive compounds [14], and nor do they distinguish between various functions of active compounds (agonists, antagonists, inverse agonists) [17]. Recent applications of deep learning methods to the docking problem have thus far failed to outperform classical docking methods due to insufficient consideration of intra- and intermolecular validity with common errors in bond lengths, atomic geometry, stereochemistry, and interatomic distances that violate underlying physics [18]. Thus, alternative methods of (A) separating active compounds from inactive compounds and (B) determining the functional specificity of active compounds during a VS workflow are necessary. Recent applications of machine learning to identify GPCR ligands may prove useful in eliminating screening candidates that are unlikely to interact with any GPCR [19,20]. However, these tools fail to predict which member of the GPCR family will be the target of molecules identified as likely to target GPCRs. Thus, alternative approaches are still of high value.



Fortunately, previous efforts to relate GPCR structure to function via the comparative analysis of binding site composition and types/strengths of ligand–receptor contacts observed in GPCR–ligand complexes representing differing activation states provide a basis from which to functionally characterize in silico GPCR–ligand pairings. For example, comparative structural analyses of GPCRs using residue contact maps by Hauser et al. [21] and Venkatakrishnan et al. [22] related differences in the strengths and types of GPCR residue contacts to observed variations in GPCR function. Altogether, the results observed in these (and other) studies lend themselves to potential improvements in GPCR–ligand pose prediction and the development of a machine learning classifier that uses fingerprints consisting of the types, strengths, and locations of ligand–residue contacts observed in the resulting in silico GPCR–ligand complexes to predict whether a ligand is likely to bind to a GPCR.



In this work, we first utilized ligand–receptor complexes retrieved from the Protein Data Bank (PDB) [23] to develop several ligand interaction fingerprints to assess as docking site selection tools to determine whether such fingerprints improve pose prediction based on the expectation that pose quality would impact the development of the subsequent machine learning classifier. Fingerprints generally improved the percentage of ligand–receptor pairs with successful sampling outcomes but had minimal impact on success of scoring outcomes. We thus concluded that there was inadequate benefit for fingerprint-based site selection over automated site selection for the development of a machine learning classifier to predict ligand binding and function, which would use a ligand–receptor complex based on the top-ranking pose as the input.



We then detail the development of a classifier that aimed to predict whether a ligand is likely to orthosterically bind to a GPCR (binders and nonbinders are herein referred to as actives and inactives, respectively) based on its ligand–receptor complex. In addition, we investigated the classifier’s ability to distinguish between different types of ligand function (agonists, antagonists, inverse agonists) for ligands predicted to be active. At the heart of this classifier is the random forest algorithm, an ensemble learning approach that constructs many decision trees and outputs predictions based on the predicted class votes of the individual decision trees [24]. To train and test the classifier, an internal dataset containing interaction profiles (representing the categorical interaction types of Hbond: hydrogen bonding, Metal: metal–complexed ionic interactions, Ionic: ionic interactions not involving a metal, Arene: pi–pi or cation–pi interactions, or Distance: van der Waals interactions and numeric interaction energies observed at each residue comprising a GPCR) extracted from 1820 experimentally determined and docked ligand–receptor complexes of known active and inactive GPCR ligands was constructed. To retrieve inactive ligands for GPCR targets, the Database of Useful Decoys: Enhanced (DUD-E) [25] was used since its repositories possess lists of inactive and decoy ligands for multiple GPCR targets. With this dataset, the use of ligand–receptor complexes retrieved from the PDB [23] in combination with ligand–receptor complexes generated via molecular docking with experimentally determined or modeled structures allowed for the classifier to be trained on biologically observed ligand–protein interactions as well as interactions observed in docked poses, both of which are frequently encountered in GPCR–ligand identification studies. Furthermore, considering that only 140 of the over 800 known GPCRs possess published structures on the PDB as of 21 February 2023 [23,26], we found it necessary to use modeled structures to generate a portion of the docked ligand–receptor complexes in the dataset to allow for the classifier to be applicable to cases where a GPCR target does not possess an experimentally determined structure.



To emulate the application of our classifier to a virtual screening workflow, two orphan GPCRs with putative endogenous ligands were selected as targets for which to construct a dataset for external validation (herein referred to as the external dataset), namely G protein-coupled receptor 31 (GPR31) and trace amine-associated receptor 2 (TAAR2). Considering that neither of these targets possess published experimentally determined structures or large sets of known active ligands, we found them to be adequate for external validation of the classifier. Using ligands shown to be active or inactive for each target in prior studies by Guo et al. [27] (GPR31) and Borowsky et al. [28] (TAAR2), an external dataset containing interaction profiles for ligands docked into modeled structures of GPR31 and TAAR2 was constructed and used to further assess our classifier’s accuracy in predicting ligand function based on a given binding mode. In addition to simply allowing for the assessment of whether the classifier could correctly predict the binary activity class (active or inactive) of known active and inactive ligands for these targets, the use of modeled structures from various sources (in-house homology models [29,30,31], GPCRdb [26], AlphaFold [32,33]) during construction of the external dataset ensured that the classifier’s performance was assessed in the context of structurally variable GPCR models.



Overall, this work demonstrated the ability of our random forest classifier to accurately predict the binary activity class of GPCR ligands in complex with experimentally determined structures (with 97.6% of ligands classified as actives being true actives) and more importantly, in complex with modeled structures (with 80.6% of ligands classified as actives being true actives). Furthermore, classification of our external dataset resulted in 82.6% of the GPR31/TAAR2 ligands classified as actives being true actives. Although prioritization of compounds for experimental in vitro screens against GPCR targets remains a challenge, we hope that the success demonstrated by this classifier will assist in GPCR ligand identification efforts.




2. Results and Discussion


With this work, we aimed to address two significant research questions. First, do ligand interaction fingerprints provide a substantial advantage over automated methods of binding site selection for classical docking? Second, can the functional status of prospective screening candidates be predicted from ligand interaction fingerprints using a random forest classifier?



In the first portion of our results (Section 2.1), we discuss the development and assessment of ligand interaction fingerprints for binding site selection to address the first research question. In the remaining sections, we address the second research question using the six types of ligand–receptor complexes shown in Figure 1 as the internal dataset for random forest classifier training. In Section 2.2, we discuss the construction and retrieval of modeled GPCR structures used to represent cases where a target does not possess an experimentally determined structure (required to generate ligand–receptor complexes of type 5 and 6 in Figure 1). In Section 2.3, we detail the development of the internal dataset illustrated in Figure 1 containing experimentally determined and docked GPCR–ligand complexes used to train and test the random forest classifier. In Section 2.4, the preparation of the dataset used to externally validate the machine learning classifier (containing ligand–receptor complexes of active and inactive ligands for two understudied GPCR in complex with modeled structures from various sources) is discussed. The subsequent section (Section 2.5) describes the extraction of interaction profiles serving as feature sets that were used to train the random forest classifier. Lastly, Section 2.6 details a performance assessment of the random forest classifier when predicting the activity and functional specificity of ligands represented in our testing and external datasets.



2.1. Ligand Interaction Fingerprint Development and Assessment


Global and activation state-specific ligand interaction fingerprints were developed as potential tools to define GPCR docking sites in the hope that knowledge-based docking site definition would produce more accurate poses as input for a machine learning classifier. Global fingerprints were derived using ligand interaction patterns observed in a large set of experimentally-determined structures that included receptors in the active, intermediate, and inactive states. Two global fingerprints were developed, one with and one without a ligand interaction score threshold. Three receptor state-specific fingerprints were derived from interaction patterns observed in subsets of structures based on common receptor activation states (active, inactive, intermediate). The use of fingerprints was compared with the automated SiteFinder function (a geometric method based on Alpha Shapes [34]) in MOE [35] for docking site selection, with pose quality assessed using the root-mean-square deviation (RMSD) of the atomic position relative to the reference complex as the pose quality measure.



The RING Server [36] was used to identify GPCR positions interacting with bound ligands in experimental GPCR complexes [37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84,85,86,87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,102,103,104,105,106,107,108,109,110,111,112,113,114,115,116,117,118,119,120,121,122,123,124,125,126,127,128,129,130,131,132,133,134,135,136,137,138,139,140,141,142,143,144,145,146,147,148,149,150,151,152,153,154,155,156,157,158,159,160,161,162,163,164,165,166,167,168,169,170,171,172,173,174,175,176,177,178,179,180,181,182,183,184,185,186,187,188] downloaded from the PDB [23] described in Table S1. These interactions were used as a basis to develop ligand interaction fingerprints. As an example, Figure 2 displays interaction sites observed in two opioid κ receptor complexes, one with an active receptor state bound with an agonist, and the other with an inactive receptor state bound with an antagonist. Some interactions were observed universally in both complexes, while others were dependent on the receptor activation state and bound ligand. The opioid κ receptor in the active state showed a greater number of ligand interaction sites in the third and fourth transmembrane (TM) segments, whereas the opioid κ receptor in the inactive state showed a greater number of ligand interaction sites in the TM1, TM6 and TM7 segments. Broadening this type of analysis to identify patterns across multiple receptor–ligand complexes, we developed both global fingerprints using the combined set of GPCR–ligand complexes in Table S1 and fingerprints using subsets of structures with the same activation state.



Considering that class A GPCR sequence lengths differs from receptor to receptor (with a majority of GPCRs possessing sequence lengths from 310 to 470 residues [189]), the Ballesteros–Weinstein (BW) numbering scheme [190] was used to ensure consistent indexing of transmembrane residue positions across all ligand–receptor complexes in our datasets. This numbering system uses a pattern X.YY. Here, X is either the single number of the TM helix in which a residue is found or the two numbers of the TM helices on either side of the loop in which the residue is found. On the other hand, YY is a number that indicates a position relative to the most conserved residue in the helix or loop which is assigned position 50. The percentage of receptors exhibiting an interaction at a given site was weighted to ensure that each of the 60 receptors represented among the 311 structures in the dataset had an equal weight in determining the interaction percentage. Supplemental Figure S1 shows the weighted interaction percentages as a function of common geometric locations across the full set of 311 structures. A similar set of weighted interaction percentages was generated using only those interactions assigned an interaction score of 0.5 [30]. This score excludes interactions with distances greater than 3.93 Å. Sets of high-scoring weighted interaction percentages were also generated using only structures with receptors in active, inactive, or intermediate states. The fingerprints of 10–15 sites with the highest interaction percentage generated from each of these weighted interaction percentages are shown in Table 1. The selection of 10–15 sites for each fingerprint required the use of different weighted interaction percentages to select sites, within a range from 35% to 60%. None of the interaction fingerprints included any sites from TM1 or TM5. Only global fingerprint A (with no interaction score cutoff) and the intermediate fingerprint included any sites from TM2. All fingerprints shared sites from TM3 (3.29 and 3.33) and TM 6 (6.55). The active and inactive fingerprints shared 9 out of 10 sites, differing only in the inclusion of 7.35 in the active fingerprint and 6.52 in the inactive fingerprint.



The performance of interaction fingerprints was compared with the automated SiteFinder function to guide docking site selection in the MOE software [35]. Receptor and ligand structure sources for each docking calculation, as well as the fingerprints tested, are shown in Table S2 [37,38,39,40,41,42,43,46,47,48,49,50,52,59,81,85,88,91,100,102,121,122,123,124,125,148,149,161,162,175,176,191,192]. The percentage of docking calculations that produced ligand poses with RMSD values in the successful (<2 Å), acceptable (2–3 Å), successful + acceptable (<3 Å), and unsuccessful (>3 Å) categories were used to compare fingerprint performance to the automated SiteFinder performance. The lowest RMSD pose within the 400 poses generated in each docking run represented the quality of pose sampling. The lowest RMSD pose ranked in the top 5 poses (lowest energy) represented the quality of scoring. Figure S2 and Table 2 show that a modest improvement in the percentage of docking calculations sampling successful poses when guided by global fingerprints (35.0%) compared to automated guidance (30.0%). Successful poses were least frequently found in the top 5 when docking sites were selected using fingerprint A at only 10.0% of docking calculations. Automated site selection produced successful top-ranked poses in 15.0% of docking calculations. Site selection based on fingerprint B, which emphasized closer contacts, showed a modest improvement, with 20.0% of docking runs showing successful results among the top 5 scored poses.



Figure S3 and Table 3 show that activation-state specific fingerprints provided modest decreases in the percentage of unsuccessfully sampled poses for the inactive and intermediate fingerprints (25%) compared with automated site selection (37.5% and 31.3% unsuccessful for inactive and intermediate, respectively). However, these modest improvements did not reduce the unsuccessful outcomes when considering only the top 5 poses.



Neither global nor activation state-specific fingerprints provided a substantial benefit over automated docking site selection with regards to the quality of docked poses scored within the top five. Classical docking using automated site selection was, therefore, used for the development of a machine learning classifier to predict ligand binding and function.




2.2. Protein Modeling


The internal dataset used to develop our random forest classifier (Figure 1, ligand–receptor complex types 5 and 6) required modeled structures for the 5 DUD-E GPCR targets (AA2AR, ADRB1, ADRB2, CXCR4, and DRD3). For each DUD-E GPCR target, a set of three homology models representing “best” and “normal” cases for template selection were constructed using our benchmarked homology modeling protocol (Table 4) [29,30,31]. We chose to develop multiple homology models for each target (rather than just a single homology model) to reflect the range of information that may or may not be available for any GPCR target at the center of a ligand identification study. For example, the pair of best-case homology models constructed for each target represents a situation in which active and inactive state structures of a closely related receptor that binds the same endogenous ligand as the target GPCR are available for use as template structures. In contrast, normal-case homology models represent a more often encountered situation in GPCR–ligand identification studies, where an understudied GPCR is simply modeled using a template structure selected with a metric measuring intra-GPCR similarity (in this case the CoINPocket score [30]) available for a target at that time. Since endogenous ligands may be unknown when constructing a normal-case homology model (such as with orphan GPCRs), template structures selected for the construction of normal-case homology models may not bind the same endogenous ligand as the GPCR being modeled. When generating homology models for a GPCR, the use of a template structure that is more closely related (and, thus, more similar in terms of amino acid sequence) to a target GPCR is thought to lead to homology models that more closely reflect experimentally determined structures of a GPCR. Thus, we hypothesized that the development of separate homology models with closely related template structures (best-case homology models) and more distantly related template structures (normal-case homology models) would result in homology models that reflect a range of structural accuracy. After the construction and loop refinement of each target’s best- and normal-case homology models, RMSD values were calculated using an alpha carbon superposition of each homology model onto the lowest resolution experimentally determined structure that matched the homology model template’s activation state (Table 4). When RMSD values were calculated, active and inactive state reference structures were available for all targets except CXCR4, which only possessed inactive state experimentally determined structures. RMSD values ranged from 2.71–5.68 Å for best-case homology models and 2.76–5.47 Å for normal-case homology models. On average, best- and normal-case homology models exhibited RMSD values of 3.96 Å and 4.07 Å, respectively. In our hands, this indicated that the consideration of whether a template structure possessed the same endogenous ligand as the GPCR being modeled did not lead to a stark difference in homology model quality. However, observed RMSD values support the use of the CoINPocket similarity score as a metric for homology model template selection regardless of whether a template structure binding to the same endogenous ligand as the target GPCR being modeled is available.



For the external dataset, four modeled structures were generated or retrieved for each target: one was constructed with our in-house GPCR modeling protocol [29,30,31], two were retrieved from GPCRdb [26], and one was retrieved from the AlphaFold Protein Structure Database [33]. When generating the in-house homology model for each target in the external dataset, template structures were selected using the CoINPocket similarity metric [30], and loop modeling was again performed after the determination of loop anchor residues (Table S3). The two GPCRdb homology models retrieved for each external set target were, respectively, constructed with active and inactive state template structures using the GPCRdb homology modeling pipeline [201].




2.3. Internal Dataset Preparation


In virtual screening workflows concerning GPCR, structures used to probe receptor function can originate from a variety of sources. For example, a ligand identification campaign for a well-studied GPCR (such as ADRB2 [3]) is likely to rely on a plethora of experimentally determined structures that reflect multiple activation states of the GPCR in complex with functionally diverse ligands. In contrast, efforts to identify novel ligands for understudied GPCRs (such as orphan GPCRs [202]) are more likely to use modeled structures due to the lack of an experimentally determined structure. As such, the internal dataset used to develop the random forest classifier in this work contained 1820 class A GPCR–ligand complexes of mixed origin that were grouped into six categories that reflect the different types of structures that can be encountered during a GPCR ligand discovery workflow (Figure 2). The first structural category within the internal dataset contained 342 experimentally determined GPCR structures possessing orthosterically bound non-peptide ligands that were publicly available from the Protein Data Bank [23] as of 31 December 2021 (Table S4 [37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72,73,74,75,76,77,78,79,80,81,82,83,84,85,86,87,88,89,90,91,92,93,94,95,96,97,98,99,100,101,103,104,106,111,113,115,116,121,122,123,124,125,126,127,128,129,131,132,133,134,135,136,140,142,145,146,147,148,149,150,151,152,153,158,159,161,162,163,164,166,167,169,170,171,172,173,174,175,176,177,178,179,180,181,182,183,184,185,186,191,192,193,194,196,197,198,200,203,204,205,206,207,208,209,210,211,212,213,214,215,216,217,218,219,220,221,222,223,224,225,226,227,228,229,230,231,232,233,234,235,236,237,238,239,240,241,242,243,244,245,246,247,248,249,250,251,252,253,254,255,256]). Although experimentally determined ligand–receptor complexes are unlikely to be available for GPCR targets with few known ligands, the inclusion of these complexes in the dataset allowed for the classifier to be trained on ligand interactions observed in vitro. Furthermore, the inclusion of experimentally determined GPCR complexes allowed for the classifier’s application to cases where ligand discovery efforts were being made for a target that already possesses resolved structures.



Given that GPCR ligand identification studies often dock potential screening candidates into experimentally determined structures, we aimed to ensure that our classifier was applicable to these cases. Thus, three additional structural categories of ligand–receptor complexes involving experimentally determined structures were included in the internal dataset. To generate the second structural category in the internal dataset, orthosterically bound ligands for each of the 342 experimentally determined structures retrieved from the Protein Data Bank were self-docked into the protein structure they were extracted from, resulting in a structural category comprised of 342 complexes with non-peptide ligands docked into experimentally determined structures. To generate the third structural category in the internal dataset, cross-docking was performed with the orthosterically bound ligands retrieved from the Protein Data Bank for ligands whose target possessed an experimentally determined structure other than the structure the ligand was extracted from. Ultimately, the addition of this structural category to the internal dataset resulted in the inclusion of 326 additional ligand–receptor complexes representing active ligands cross-docked into protein structures that were determined as being in complex with a different ligand.



In addition to using experimentally determined and docked binding modes of known active ligands to develop our random forest classifier, ligand–receptor complexes containing known inactive ligands docked into experimentally determined structures were used to construct the fourth structural category in the internal dataset. To construct this portion of the dataset, the Database of Useful Decoys: Enhanced (DUD-E) [25] was used to obtain inactive ligands and experimentally determined receptor structures for five GPCR targets: adenosine receptor 2 (AA2AR), adrenoceptor beta 1 (ADRB1), adrenoceptor beta 2 (ADRB2), C-X-C chemokine receptor 4 (CXCR4), and dopamine receptor D3 (DRD3). The 285 inactive ligands retrieved from DUD-E (Table S4) were docked into experimentally determined structures retrieved from DUD-E on a per target basis. The number of inactive ligands docked into each target can be found in Table S5. Inactive ligand retrieval followed by docking into experimentally determined protein structures resulted in 104 docked complexes for AA2AR, 52 docked complexes for ADRB1, 108 docked complexes for ADRB2, 16 docked complexes for CXCR4, and 5 docked complexes for DRD3.



In addition to docking these known inactive ligands into experimentally determined structures of DUD-E GPCR targets, they were also docked into homology models of DUD-E GPCR targets (the construction of which is discussed in Section 2.2) to generate the fifth structural category in the internal dataset. To maintain a reasonable balance of ligand–receptor complex types (Figure 2) in our internal dataset, one-third of the set of inactive ligands was chosen for docking into homology models using MOE’s Diverse Subset tool. To ensure that the diverse subsets of inactive ligands were reasonably sized per target, the 25 most structurally diverse inactive ligands were selected for docking into targets with >50 inactive ligands (AA2AR, ADRB1, and ADRB2, Table S6). A diverse subset of inactive ligands was also selected for the 16 inactive CXCR4 ligands, resulting in a subset of 15 inactive ligands for docking into homology models. Since only five inactive ligands were retrieved from DUD-E for DRD3, they were all docked into DRD3 homology models. Inactive ligand docking with each DUD-E target’s set of 3 homology models resulted in 75 docked complexes each for AA2AR, ADRB1 and ADRB2, 45 docked complexes for CXCR4, and 15 docked complexes for DRD3. Examples of top-scoring docking poses resulting from docking AA2AR antagonist compound 10 (Table S7, Ligand Number 16) and AA2AR inactive 2-amino-6-((2-(2,4-dimethylphenyl)-2-oxoethyl)thio)-4-(thiophen-2-yl)pyridine-3,5-dicarbonitrile (Table S6, Ligand Number 22) into the AA2AR best-case active template homology model can be found in Figure S4. Although these molecules are differentially characterized in terms of the effect they induce for AA2AR, visual inspection of their binding site placements (Figure S4A,C), MOE-generated ligand interaction diagrams (Figure S4B,D), and structural similarity (as demonstrated by a Tanimoto coefficient of 0.78) may lead one to believe that both molecules possess similar functions and would, thus, be reasonable for prioritization in a virtual screening workflow. However, differences in the actual functions of these molecules justify the development of a machine learning classifier that is trained to recognize differences in specific ligand–residue interactions between functionally different ligands.



To ensure that the classifier was trained on examples of known actives docked into homology models, diverse subsets of known active ligands for each DUD-E GPCR target were docked into each target’s set of homology models to generate the sixth structural category in the internal dataset (Figure 2). First, known active ligands for each of the DUD-E GPCR targets were retrieved from the IUPHAR Guide to Pharmacology (Table S5) [257]. One third of the set of active ligands retrieved from IUPHAR Guide to Pharmacology was chosen for docking into homology models with the MOE Diverse Subset tool to generate a relatively balanced number of complexes for category 6 (Figure 2). To maintain a reasonable balance of per target representation as well as ligand function in this structural category of the dataset, structurally diverse sets of 9 agonists and 9 antagonists were selected for the 4 targets (AA2AR, ADRB1, ADRB2, DRD3) with both agonists and antagonists listed on the IUPHAR Guide to Pharmacology. Since only 8 antagonists were retrieved for CXCR4, the diverse subset tool was not used when considering which CXCR4 ligands to retain in the subset of active ligands for homology model docking. Active ligand docking with each DUD-E target’s set of 3 homology models resulted in 54 docked complexes per target for AA2AR, ADRB1, ADRB2, and DRD3. For CXCR4, only 24 docked complexes were generated for this portion of the dataset.




2.4. External Dataset Preparation


As a further means of assessing the performance of our random forest classifier, an external dataset was constructed. For this dataset, GPR31 and TAAR2 were selected as targets for homology modeling (discussed in Section 2.2) and docking since they are GPCR that lack experimentally determined structures and possess ligands with known function that could be predicted with the random forest classifier. Furthermore, these targets are relatively dissimilar to targets in the internal dataset. For example, global sequence similarities between each external dataset target and the DUD-E GPCR targets represented in the internal dataset (AA2AR, ADRB1, ADRB2, CXCR4, DRD3) ranged from 2.2–12.8% for GPR31 and 3.6–33.4% for TAAR2 (Table S8).



To construct the external dataset, we first obtained known active and inactive ligands for GPR31 and TAAR2. To obtain a set of GPR31 ligands, we referred to Guo et al.’s 2011 study [27] that screened multiple eicosanoids against cells transfected with GPR31. Based on the screening results presented in this study, we selected three compounds to consider as GPR31 agonists (12(S)-HETE, 5(S)-HETE, and 15(S)-HETE, Table S9) and one ligand to consider as inactive for GPR31 (12(R)-HETE, Table S9). For TAAR2, its two endogenous agonists listed in The Concise Guide to Pharmacology 2021/22 [258] (beta phenylethamine and tryptamine, Table S9) were retrieved and labeled as agonists.



Ligands were then docked into homology models of mixed origin: one was constructed with our in-house GPCR modeling protocol [29,30,31], two were retrieved from GPCRdb [26], and one was retrieved from the AlphaFold Protein Structure Database [33]. In contrast to ligand docking runs used to construct the internal dataset, the use of multiple homology models for external set docking allowed for the generation of a larger external dataset that reflected docked poses of active and inactive ligands in the context of structurally variable receptor models. Altogether, external set ligand docking resulted in the generation of 80 docked complexes for GPR31 and 40 docked complexes for TAAR2. The top-scoring docked poses of GPR31 agonist 12(S)-HETE in complex with the various types of GPR31 modeled structures utilized in the external dataset can be found in Figure S5. Although each docked pose represents the same molecule that has been shown to activate GPR31, one may be inclined to believe that the types of ligand function represented by each docked pose may be different due to differences in binding pocket placement and ligand–receptor contacts. Thus, these exemplary docked poses demonstrate the need to train a classifier capable of identifying active GPCR ligands based on docked or experimentally determined binding modes.




2.5. Feature Extraction


Once ligand docking was complete, our internal and external datasets consisted of 1820 and 120 class A GPCR ligand–receptor complexes, respectively. Given that the goal of this work was to develop a method of separating actives from inactives during a virtual screening workflow based on experimentally determined or docked binding modes, our next step was to extract a ligand interaction fingerprint for each ligand–receptor complex. Given that (A) active and inactive state GPCR structures differ in terms of intra-residue contacts [21] and (B) differences in ligand–residue contacts have been observed when comparing GPCR structures bound to ligands of varying functional specificity [259], interaction profiles for each ligand–receptor complex were constructed on a per residue basis. Although the fingerprints used for docking site selection in Section 2.1 could include only interaction sites, machine learning classifiers can consider much richer interaction profiles. The interaction profiles used in this work include interaction energies and interaction types at each site represented in the fingerprint. Non-transmembrane residues (e.g., residues located in extra/intracellular loop regions) in each ligand–receptor complex were not considered when extracting interaction information for a given ligand–receptor complex.



For each ligand–receptor complex in our initial and external datasets with BW numbered residue positions, an interaction profile denoting the types and energetics of ligand–receptor interactions was constructed. Interaction types calculated by the MOE software [35] are categorized as Hbond: hydrogen bonding, Metal: metal–complexed ionic interactions, Ionic: ionic interactions not involving a metal, Arene: pi–pi or cation–pi interactions, or Distance: van der Waals interactions. A single amino acid residue in the receptor can interact with multiple atoms in a ligand, and, thus, may have multiple ligand interaction energies and interaction types. For each BW residue position, feature extraction consisted of obtaining the numeric energetic sum of all interactions occurring at the residue, the categorical type and numeric energy of the most energetically favorable interaction occurring at the residue, and the categorical type and numeric energy of the second most energetically favorable interaction occurring at the residue. Altogether, the following unique interaction types were represented in each dataset: hydrogen bonding, distance-based, arene, ionic, and covalent.



While the BW numbering scheme allowed for a method of indexing transmembrane residue positions, many ligand–receptor complexes in our datasets lacked residues at positions indexed by the numbering scheme due to discrepancies in GPCR sequence length. For example, the first residue position in our dataset for transmembrane domain 1 was indexed as position 1.21, which is 29 residues prior to position 1.50 (representing the most conserved residue in transmembrane domain 1 across class A GPCR). While some GPCRs, such as succinate receptor 1 (PDB identification (PDBID): 6RNK [185]), possess a residue at position 1.21, other GPCRs with fewer residues in transmembrane helix 1 (such as sphingosine 1-phosphate receptor 3, PDBID: 7EW2 [254]) do not possess a residue aligned at position 1.21 (Figure 3). As such, a scheme was constructed to handle cases where a given ligand–receptor complex lacks a residue aligned at a numbered position in our datasets. In addition, this scheme also differentiates the lack of a residue at a BW numbered residue position from cases where a residue is present but makes no interactions with a ligand. If a ligand–receptor complex did not possess a residue at an indexed residue position, its numerical energies and categorical interaction types were assigned as NaN and ‘NA’, respectively. In contrast, if a ligand–receptor complex possessed a residue at an indexed residue position but that did not interact with a ligand, its numerical energies and categorical interaction types were assigned as 0 and ‘None’, respectively. If a residue only possessed a single interaction type, its second interaction type was assigned as ‘None’.



After feature extraction, interaction energies and types were compared between complexes representing actives (those possessing ligands whose function was labeled as agonists, antagonists, or inverse agonists) and inactives in the internal dataset. To avoid including residues that infrequently make interactions in this analysis, only residue positions that possessed interactions in ≥10 (≥0.5%) of the ligand–receptor complexes in our internal dataset (herein referred to as “interacting residue positions”) were selected for further analysis. For each interacting residue position, a mean of all interaction energy sums across all 1820 ligand–receptor complexes was calculated and plotted on a per transmembrane domain basis for complexes with ligands considered as actives or inactives (Figure S6). In addition, the percentage of ligand–receptor complexes possessing an interaction at each interacting residue position was calculated and plotted on a per transmembrane domain basis for complexes with ligands considered binders or non-binders (Figure S7). Interaction percentages were also calculated for each interacting residue position per interaction type (hydrogen bonding, distance-based, arene, ionic, and covalent (Figure S8). While there are some noticeable differences per interacting residue position in interaction energy sum means (such as residue position 3.32 exhibiting a more negative interaction energy sum for complexes containing actives, Figure S6C), interaction percentages (such as residue positions 2.54 and 2.56 interacting in complexes containing actives but not interacting in complexes containing inactives, Figure S7B), and per type interaction percentages (such as arene interactions occurring more frequently at residue position 3.28 for complexes of inactives, Figure S8C) when active and inactive complexes are compared, there was no single variable/set of variables that allowed for surface-level separation of active/inactive ligands. Thus, machine learning was explored to differentiate active complexes from inactive complexes.



Prior to developing the machine learning classifier, we desired to remove interaction energies and types for BW indexed residue positions that either infrequently appeared in GPCR structures in the internal dataset (due to the helix length-dependent nature of the BW numbering scheme) or infrequently interacted with a ligand. As such, a residue position was only retained for feature set consideration if more than 10 ligand–receptor complexes in the internal dataset possessed non-NA (since an interaction energy sum value of ‘NA’ was assigned when a receptor lacked a residue at a BW indexed position) or nonzero (since an interaction energy sum value of zero was assigned when a receptor lacked a residue at a BW indexed position) interaction energy sums at that position. Altogether, removal of infrequently appearing/interacting residue positions resulted in a set of 63 BW indexed residue positions whose interaction energies and types were used as predictors for the random forest classifier (Table S10).




2.6. Ligand Function Prediction


2.6.1. Four Functional Class Predictions


We initially developed a random forest classifier to predict one of four ligand functions based on interaction profiles. Ligand functions of agonist, inverse agonist, antagonist, or inactive were based on the activity types listed on GPCRdb [26]. Our internal dataset was split into training and testing datasets using a 75%/25% split, resulting in training and testing sets containing 1365 and 455 samples, respectively. The distribution of ligand–receptor complex structural categories in our training and testing datasets was like that in the internal dataset (Figure 4), ensuring that classifier performance could be assessed for a variety of GPCR ligand–receptor complex types. After the splitting of the internal dataset, the resulting training and testing datasets were each subjected to preprocessing in the form of the imputation of missing values and standardization.



After preprocessing of the training and testing datasets, a random forest classifier was developed using 10-fold cross-validation to avoid overfitting. Once the random forest classifier was trained, ligand functions for ligand–receptor complexes in the testing set were predicted. A confusion matrix containing ligand function prediction results for the test set as well as training/testing set classifier performance metrics can be found in Table 5. Cross-validation resulted in a mean score of 0.80, indicating that the classifier did not overfit since ligand functions were accurately predicted for examples excluded during classifier fitting. In terms of the classifier’s performance with respect to the testing set, ligand function prediction for testing set ligand–receptor complexes resulted in an accuracy value of 0.76, indicating that the random forest classifier accurately predicted ligand functions for 76% of complexes in the testing dataset. Furthermore, testing set classification resulted in a precision value of 0.76, indicating that 76% of samples predicted to be in each class of ligand function were actual positives for each class of ligand function. Testing set classification also resulted in a recall value of 0.76, indicating that 76% of actual positives for each class of ligand function were predicted correctly.



The random forest classifier was also used to predict ligand functions for the external dataset containing 120 ligand–receptor complexes that resulted from docking 6 GPR31/TAAR2 ligands of varying function into homology models from various sources. Classification performance was again assessed using accuracy, precision, and recall metrics. In contrast to the encouraging results observed with the testing set, initial classification performance with the external dataset was poor (Table 6). Use of the random forest classifier to predict ligand function for the 120 ligand–receptor complexes in the external dataset led to observed accuracy, precision, and recall metric values of 0.03, indicating that the classifier did not generalize well to the external dataset.



In contrast to the internal dataset that was used to train and test the random forest classifier, each ligand–structure pairing in the external dataset was represented by a set of five retained docked poses (rather than a single retained pose per ligand–structure pairing as observed in the internal dataset). Consequently, we recognized a potential challenge in a situation where this classifier would be applied to docking results for a target GPCR during a computational ligand identification study: if five docked poses are generated and classified per GPCR model–ligand pairing, how does one handle a case where separate docked poses of the same ligand are classified differently (i.e., pose 1 is classified as an agonist and pose 2 is classified as inactive) within the same modeled structure? Thus, an additional set of predictions was made for the external dataset using majority rule voting to assess classifier performance on a per ligand (rather than per docked pose) basis. For each GPCR model–ligand pairing in the external dataset, its set of five predictions (representing one prediction of ligand function per docked pose) was used to determine a “majority” prediction based on the ligand function that was more frequently predicted across its five docked poses. For example, a ligand with three docked poses predicted as agonist and two docked poses predicted as inactive would be considered an agonist using this scheme. After calculating majority predictions for each GPCR model–ligand pairing in the external dataset, classification performance was again assessed using the accuracy, precision, and recall metrics (Table 6). Despite this initial reconfiguration of predictions for the external dataset, use of the random forest classifier to predict ligand function for each of the 24 GPCR model–ligand pairings in the external dataset using majority rule voting led to observed accuracy, precision, and recall metric values of 0.04, again indicating that the classifier did not generalize well to the external dataset.




2.6.2. Two Functional Class Predictions


Although initial classification of the external dataset led to discouraging results, we found it promising that active ligands (agonists, antagonists, and inverse agonists) were infrequently predicted to be inactive when classifying the testing and external datasets. For example, 19 of the 20 external set GPCR model–ligand pairings possessing a docked agonist were predicted as antagonists with majority rule predictions (Table 6). Even though the predicted functions for these ligands were incorrect, they were still predicted to interact with the target receptor. Given this, we hypothesized that reconfiguring ligand function predictions from four classes (agonist, antagonist, inverse agonist, and inactive) to two classes (where agonists, antagonists, inverse agonists are merged into the active class with no change in the inactive class) after function prediction may result in more accurate ligand function prediction. Although reducing the number of ligand function classes from four to two results in a less detailed prediction of how a ligand may or may not induce a change in receptor activation state, we found this reconfiguration of predictions to be justified, since most early efforts to identify GPCR ligands are considered successful upon identification of ligands that bind the target receptor, regardless of which type of change in receptor function is induced. Furthermore, this reconfiguration allowed for the calculation of a hit rate metric (Equation (1)) that denoted the percentage of predicted actives that were actual actives. We found this metric to be quite important in the context of GPCR ligand identification, since the metric allows for an approximation of the proportion of ligands likely to be actives in the set of ligands selected for experimental screening based on predicted activity. Equation (1) is as follows:


  Hit   rate   ( % ) = 100   ×      Actual   Actives   within   Set   of   Predicted   Actives     Predicted   Actives     



(1)







A reassessment of classification performance for merged active testing set predictions can be found in Table 7. When test set classification results were reconfigured into two classes, accuracy increased from 0.76 (Table 5) to 0.85 (Table 7). Values for the precision and recall also increased from 0.78 to 0.85 and 0.76 to 0.85, respectively. Additionally, a hit rate of 95.4% was observed. Altogether, the increases in classification performance metrics values as well as the remarkably high hit rate resulting from merged active predictions indicated that ligands predicted as actives with our classifier are likely to be actual actives.



Given that both experimentally determined and modeled structures were used to construct the testing dataset, classification performance metrics and hit rates were also calculated for each structure type. We found this analysis to be particularly important in the context of ligand identification efforts for understudied GPCRs, since these efforts typically involve the use of homology models due to the lack of a published structure. The experimentally determined testing set was comprised of the following structure types from our internal dataset (Figure 2): experimentally determined structures of binders retrieved from the PDB, binders self-docked into experimentally determined structures, binders cross-docked into experimentally determined structures, and non-binders docked into experimentally determined structures of DUD-E GPCR targets. After the prediction of ligand function and subsequent merging of active predictions for ligand–receptor complexes involving experimentally determined structures, accuracy, precision, and recall values of 0.96 were observed (Table 8), indicating that merging active predictions after initial classification led to accurate predictions of ligand function for ligand–receptor complexes concerning experimentally determined structures. Furthermore, the observed hit rate of 97.6% indicated that most ligands that were predicted as actives after prediction reconfiguration were actual actives. When comparing classifier performance metrics between the set of initial predictions and the set of merged active predictions for ligand–receptor complexes concerning experimentally determined structures, it is evident that merging actives after making initial predictions with the classifier led to more accurate predictions due to greater observed accuracy, precision, and recall values (Table 8).



Classification performance metrics and hit rates were also calculated for ligand–receptor complexes in the testing set that involved modeled structures (Table 9). The modeled structure testing set was comprised of the following structure types from our internal dataset (Figure 2): inactives docked into homology models of DUD-E GPCR targets and actives docked into homology models of DUD-E GPCR targets. After the prediction of ligand function and subsequent merging of active predictions for ligand–receptor complexes involving homology models, accuracy, precision, and recall values of 0.60 were observed, indicating that classifier performance was worse for ligand–receptor complexes involving homology models when compared to the classifier performance for ligand–receptor complexes involving experimentally determined structures (accuracy, precision, and recall = 0.96 for the experimentally determined testing set, Table 8). Additionally, merged active predictions resulted in a hit rate of 80.6%, which is worse than the hit rate observed with merged active predictions for the experimentally determined testing set (hit rate = 97.6%, Table 8) but ultimately indicates that about four of the five ligands in complex with homology models that were predicted to be active are true actives. Although classification performance with merged active predictions was worse for ligand–receptor complexes involving homology models, we found this result to be acceptable since (A) the homology model testing set only contained docked poses of known active and inactive ligands (in contrast to the experimentally determined testing set which contained GPCR ligand binding modes retrieved from the PDB) and (B) discrepancies in homology model quality from target to target inherently induces experimental error. To further justify the use of merged active predictions, classifier performance metrics were again compared between the set of initial predictions and the set of merged active predictions for ligand–receptor complexes involving modeled structures. Accuracy, precision, and recall values resulting from the merged active predictions (0.60 for each metric, Table 9) were all greater than those resulting from initial predictions (0.52 for each metric, Table 9) for the homology model testing set, indicating that merging actives after initial predictions were made led to improved prediction of ligand function.



Lastly, a set of merged active predictions was made for the 24 GPCR model–ligand pairings (six GPR31/TAAR2 ligands, four structures per target) in the external dataset using the majority rule classification scheme previously detailed in this section. After predictions were made, classifier performance was assessed with the hit rate, accuracy, precision, and recall metrics (Table 10). In contrast to the poor classifier performance observed when ligand functions were initially predicted for ligand–receptor complexes in the external dataset with majority rule voting (Table 6), reconfiguring the ligand function predictions from four classes to two classes led to much better performance with the external dataset. Accuracy, precision, and recall values were all greater for the set of merged active predictions (0.79 for each metric, Table 10) than the set of initial predictions (0.04 for each metric, Table 6), which further supported the reconfiguration of initial classifier predictions into two classes. Furthermore, the observed binder hit rate of 82.6% (Table 10) indicated that the classifier identified a large proportion of true actives in the set of external dataset ligands predicted to be actives. Of some concern is the failure of the classification scheme to correctly classify the inactive ligand (regardless of homology model it was docked into). In a typical virtual screening workflow, the potential screening candidates are likely to include more inactive than active structures. If these are not correctly predicted as inactive, lower hit rates might be observed. However, with only one inactive compound in the dataset due to limited published screening data at these targets, the ability of the classifier to identify inactives was inadequately tested with this external dataset. Given that 60 out of 66 inactives were correctly predicted in the internal testing set (Table 8), it seems likely that the classifier will prove useful to enrich screening sets in VS workflows. Altogether, we suggest the use of majority rule predictions if multiple docked poses are to be classified per ligand when applying this classifier to a GPCR ligand identification workflow.



Our use of modeled structures from multiple sources (in-house [29,30,31], AlphaFold [32,33], and GPCRdb [26]) when docking known active and inactive ligands for the two external set targets (GPR31, TAAR2) also enabled a comparison of external set classification performance between model types. For each of the six GPR31/TAAR2 ligands docked into the in-house, AlphaFold, or GPCRdb active template, or the GPCRdb inactive template homology models and classified with a combination of merged active and majority rule prediction methodologies, a confusion matrix was generated to assess external set classification performance using hit rates in the context of each modeled structure source (Table 11). Hit rates were comparable between the in-house, AlphaFold, GPCRdb active template and the GPCRdb inactive template homology models (83.3%, 80.0%, 83.3%, and 80.0%, respectively, Table 11), indicating that the classifier was able to correctly identify active ligands docked into a variety of modeled structures for the targets in the external dataset.






3. Materials and Methods


In this work, we aimed to develop a classifier that can predict whether any given ligand is likely to be active through interaction at the orthosteric binding site of a given GPCR target based on its experimentally determined or docked GPCR complex structure, and what type of function that ligand would produce if active. In this context, active molecules induce one of three changes in receptor function. Active molecules that stimulate GPCR signaling are agonists, those that block agonist-stimulated GPCR signaling without impact on basal GPCR activity are antagonists, and those that reduce basal GPCR signaling are inverse agonists. Molecules that do not induce any of these changes in receptor function are considered inactive. An ideal classifier would be able to use complexes generated by classical docking to predict the activity and function of ligands not yet synthesized or tested for activity. Thus, ligand interaction fingerprints were developed and assessed as docking site selection tools to determine whether such fingerprints improve pose prediction prior to the development of machine learning classifiers for ligand activity prediction.



3.1. G Protein-Coupled Receptor (GPCR)–Ligand Interaction Fingerprints


Interactions between GPCR structures and bound ligands were calculated for each PDB [23] entry shown in Table S1 using output generated by the RING Server [36]. RING Server output provided ligand interaction sites and distances. Distance-based interaction scores were calculated [30] using distance data produced by the RING Server. Distances greater than 4.63 Å were assigned interaction scores of 0. Distances less than 3.23 Å were assigned interaction scores of 1. Interaction scores for distances between these ranges were linearly scaled between 0 and 1. Interaction sites were numbered using the BW system to make three-dimensionally relevant comparisons across different members of the GPCR family. Weighted interaction frequencies were calculated for each receptor site to ensure that each of the 60 GPCR family members represented by differing numbers of ligand–receptor complex structures had equal weight in the fingerprint. These weighted interaction frequencies were calculated using Equation (2) in which n is the number of receptor–ligand complexes contributing to the fingerprint, Ii is 1 if the site does and 0 if the site does not interact with the ligand in complex i, and m is the number of complexes containing the same GPCR family member as receptor–ligand complex i.


  Weighted   interaction   frequency =     ∑  i = 1   n        I   i     m       n    



(2)







Weighted interaction frequencies can range from 0 for sites that do not interact with ligand in any of the receptor–ligand complexes to 1 for sites that interact with ligands in all receptor–ligand complexes. Different fingerprints were derived from interaction frequencies for the entire set of structures in Table S1 without applying an interaction score cutoff (fingerprint A) and with the application of an interaction score cutoff of 0.5 to emphasize stronger interactions (fingerprint B). Different fingerprints were derived from each subset of structures in Table S1 with common activation states (active fingerprint, inactive fingerprint, intermediate fingerprint) and an interaction score cutoff of 0.5. Interaction sites were included in the various fingerprints based on a threshold weighted interaction frequency at that site. Thresholds were selected to include 10–15 interaction sites per fingerprint and ranged from 0.35 for the intermediate fingerprint to 0.6 for the global interaction fingerprint with no interaction score cutoff.




3.2. Ligand Docking to Assess Ligand Interaction Fingerprints


The structures used as input for docking experiments were obtained from the PDB [23]. The most complete GPCR chain and associated orthosteric ligand were retained and any other entities were deleted. The structure preparation operation in the MOE (version 2019) software was utilized to add hydrogens, missing sidechains, cap amino acids adjacent to uncharacterized loops, and atomic charges. Ligand functional groups with pKa values near 7 were docked in both acid and conjugate base forms. Reference docking calculations utilized the SiteFinder function in the MOE software [35] to select amino acid residues surrounding the orthosteric site as the docking site. Fingerprint docking calculations utilized amino acid residues in the identified fingerprint as the docking site. Each docking calculation generated 1000 initial poses, of which the top 400 were refined using the induced fit setting which allowed sidechain flexibility in the vicinity of the ligand and recomputed complex energies using the GBVI scoring method. The 5 lowest energy poses (top 5) were retained after final scoring for assessment of fingerprints (scoring accuracy). All 400 refined poses were retained to determine sampling accuracy. The docking calculations used to test the suitability of fingerprints as docking site selection tools utilized structures from two different PDB entries containing the same GPCR. The protein structure was extracted from one PDB entry and the ligand structure was extracted from the second PDB entry. The two PDB entries utilized serve as cross-docking structure pairs. The cross-docking structure pairs utilized to test each fingerprint are identified in Table S2. Docking accuracy was determined by superposition of the alpha carbon atoms in the protein chain of the docked complex onto the alpha carbon atom positions of the reference complex (PDB entry used as the ligand structure source), followed by the calculation of the root-mean-square deviation (RMSD) of ligand heavy atom positions between the docked position and the reference position. The lowest RMSD obtained from all of the ways to compare symmetrical heavy atoms (such as all three methyl carbon atoms of a tertiary-butyl group) is reported.




3.3. Overview of Datasets to Train and Test Machine Learning Classifiers


In total, 1820 class A GPCR ligand–receptor complexes were used as an internal dataset from which to train and test machine learning classifiers for ligand activity prediction. Ligand–receptor complexes in the internal dataset were grouped into 6 categories (Figure 1) based on structure type (experimentally determined or modeled) as well as ligand activity (active or inactive):




	
Experimentally determined structures of actives;



	
Actives self-docked into experimentally determined structures;



	
Actives cross-docked into experimentally determined structures;



	
Inactives docked into experimentally determined structures of GPCR targets listed on DUD-E [25];



	
Inactives docked into homology models of DUD-E GPCR targets;



	
Actives docked into homology models of DUD-E GPCR targets.








The following sections detail the construction of the internal dataset as well as the development of machine learning classifiers used for ligand function prediction.




3.4. Acquisition of Ligands and Experimentally Determined Structures


All 342 class A GPCR structures possessing orthosterically bound non-peptide ligands that were publicly available in the PDB [23] as of 31 December 2021 were downloaded (Table S1) as a source of active ligands and structures for docking. These 342 experimentally determined structures comprised the first category of ligand–receptor complexes in the internal dataset (experimentally determined structures of actives) and were used to generate the second category (actives self-docked into experimentally determined structures).



Next, structures for the third category, actives cross-docked into experimentally determined structures (wherein a ligand is docked into an alternate structure of the target it was extracted from), were obtained (Table S11). For each of the active ligands used for docking into experimentally determined structures, the UniProt name of the GPCR that the ligand was extracted from was used to obtain an initial list of additional structures of the same GPCR from GPCRdb [26]. From this list of additional structures, the structure that possessed the lowest resolution and matched the activation state of the complex containing the ligand was selected for cross-docking. If a structure meeting the latter criterion was not available, then the lowest resolution structure was selected for docking. If an additional experimentally determined structure was not available for a target, then cross-docking was not performed.



A set of inactive ligands for docking into experimentally determined structures of DUD-E GPCR targets was needed to generate the fourth and fifth sets of complex structures in the internal dataset. Known inactive ligands for 5 GPCR targets (adenosine receptor 2 (AA2AR), adrenoceptor beta 1 (ADRB1), adrenoceptor beta 2 (ADRB2), C-X-C chemokine receptor 4 (CXCR4), and dopamine receptor D3 (DRD3)) were retrieved from DUD-E [25] (Table S6, 285 compounds). In addition, experimentally determined structures of each of the 5 GPCR targets were retrieved from DUD-E and saved to their own database. After making considerations based on the size of each target’s set of inactive ligands, MOE’s Diverse Subset tool was then used on the set of 285 known inactive ligands to select a subset of 95 structurally diverse inactive ligands for docking into modeled structures of the DUD-E targets. Diverse subset calculations were performed on a per target basis to ensure that each target was fairly represented in the subset of 95 structurally diverse inactive ligands.



To create the set of active ligands used for docking into modeled structures (Table S7), the IUPHAR/BPS Guide to Pharmacology [257] was used to obtain active agonists and antagonists for each of the 5 GPCR targets with inactives listed on DUD-E based on the following criteria:




	
The agonist/antagonist is active at the human ortholog of the target GPCR;



	
The agonist/antagonist is a non-peptide ligand;



	
The agonist/antagonist is not radiolabeled;



	
The agonist/antagonist is not an allosteric modulator.








Once an initial set of agonists and antagonists was retrieved, the MOE [35] Diverse Subset tool was used to obtain the final set of ligands to be docked into each target. If a target’s respective set of agonists or antagonists possessed > 9 ligands, the Diverse Subset tool was used to obtain the 9 most structurally dissimilar compounds for docking. In total, 80 known active ligands for DUD-E GPCR targets were selected for docking.



To validate the performance of our random forest classifier with an external dataset, G protein-coupled receptor 31 (GPR31) and trace amine-associated receptor 2 (TAAR2) were selected as targets for which to predict ligand function. To obtain GPR31 actives and inactives, 4 ligands screened against GPR31 in a 2011 publication by Guo et al. [27] (3 active agonists and 1 inactive) were retrieved and labeled according to their function within a database. Next, 2 endogenous TAAR2 agonists listed in The Concise Guide to Pharmacology 2021/22 for GPCR [258] were also retrieved and labeled according to their function within a database.




3.5. Protein Modeling


To represent cases where GPCR lack an experimentally determined structure in our internal dataset, loop refined homology models were generated for the 5 GPCR targets listed on DUD-E using our previously benchmarked GPCR modeling workflow that retains the crystallized template ligand throughout the homology modeling and extracellular loop 2 (ECL2) modeling processes [29,30,31]. Template structures from which to model each target were selected using the contact-informed neighboring pocket (CoINPocket) score to emphasize similarities at residue positions that frequently make strong interactions in a set of 27 unique class A GPCR experimentally determined structures [30]. For each target, 3 template structures were selected from which to construct 2 “best case” homology models (wherein selected template receptors bind the same endogenous ligand as the target and represent active and inactive receptor states) and 1 “normal case” homology model (wherein a selected template receptor does not bind the same endogenous ligand as the target) (Table 4). Prior to the construction of a target’s best case homology models, active and inactive state structures of the GPCR possessing the highest CoINPocket similarity score to the target were selected as templates for homology model construction. For each target’s normal case homology model, the GPCR possessing the highest CoINPocket similarity score to the target that did not bind the same endogenous ligand as the target was selected as a template structure. After template selection, a set of 11 initial homology models was generated for each target–template pairing using our previously benchmarked GPCR modeling workflow [29,30,31]. This workflow utilizes MOE’s default homology modeling settings, save for scoring models based on effective contact energy and retaining the crystallographic ligand from the template structure as the ‘Environment for Induced Fit’. For each target–template pairing, the homology model with the lowest effective contact energy was selected for de novo extracellular loop 2 (ECL2) modeling.



Prior to ECL2 modeling, the final helical residue of TM4 and first helical residue of TM5 were selected as loop ‘anchor’ residues (Table S12). Next, fragment libraries (which are a requirement for Rosetta’s “kinematic closure with fragments” (KICF) [260] ECL2 sampling method used in this work) were generated by submitting a FASTA formatted sequence containing the nine residues prior to the first loop anchor, the ECL2 sequence and the nine residues after the second loop anchor to the Robetta [261] server. Loop modeling incorporated an atomic disulfide constraint that restricted the distance of sulfur atoms in critical cysteine residues 3.25 of TM3 and 45.50 of ECL2 to 5.1 Å as a means of filtering out models unable to form disulfide bonds. Furthermore, the ligand from the template structure was retained in the homology model binding pocket during loop modeling. For each target, a total of 250 disulfide-constrained ECL2 models were generated. The ECL2-TM3 disulfide bond was formed in the top 10 lowest scoring models followed by geometry optimization of the ECL2 segment in MOE. Each target’s lowest scoring loop refined homology model was then selected for ligand docking.



For each target in our external dataset, a set of protein models containing in-house homology models, GPCRdb [26] homology models, and an AlphaFold [32] model served as docking target structures. First, in-house homology models were constructed for each target with our benchmarked GPCR modeling protocol (Table S3). Next, homology models for each target were retrieved from the AlphaFold Protein Structure Database [33] and GPCRdb [26]. For GPCRdb homology models [201], both active and inactive state template structure homology models were retrieved for GPR31 and TAAR2. Once retrieved and/or constructed, all homology models for targets in our external validation set were stored in their own respective databases for docking.




3.6. Ligand Docking to Generate Complexes Used to Train and Test Machine Learning Classifiers


Prior to ligand docking, each ligand database was prepared at pH 7.4 using the QuickPrep function in MOE [35] to ensure proper protonation and charge at the desired pH and perform energy minimization using the AMBER10:EHT forcefield [262]. All receptor structures for docking were also prepared with the QuickPrep function. For each receptor structure, a prospective binding site was then defined with MOE’s SiteFinder function [35]. This function organizes potential binding sites by the volume of alpha spheres within a potential binding pocket, based on the Alpha Shapes methodology of Edelsbrunner et al. [34]. Once a structure’s binding site was defined, ligands were docked into each structure using MOE-induced fit docking, which initially placed and optimized 1000 poses without receptor sidechain flexibility. Next, the top 400 poses (based on the London dG scoring function) were passed on to the refinement stage, which incorporates flexible protein sidechains and uses the generalized Born volume integral/weighted surface area (GBVI/WSA) scoring function [263]. For the internal dataset, only the best scoring pose from the refinement stage was retained for feature extraction.



The ligands docked into structures used to generate ligand–receptor complexes in the internal dataset can be found in Tables S6, S7 and S11. For the set of active ligands to be docked into experimentally determined structures (Table S7), each ligand was redocked into the experimentally determined structure it was extracted from, resulting in a set of 342 docked poses in ligand–receptor complex category 2. Each of these actives was also cross-docked (Table S11) to produce its corresponding cross-docking structure (if applicable), resulting in a set of 326 docked poses in ligand–receptor complex category 3.



In addition, each of the 285 known inactive ligands for the 5 DUD-E GPCR targets were docked into experimentally determined structures retrieved from DUD-E on a per target basis, resulting in a set of 285 docked complexes in ligand–receptor complex category 4. For the structurally diverse set of 95 known inactive ligands for the 5 DUD-E GPCR targets (denoted by asterisks in Table S6), each ligand was docked into its target’s best- and normal-case homology models, resulting in the set of 285 docked complexes comprising ligand–receptor complex category 5. For the structurally diverse set of 80 known active ligands for the 5 DUD-E GPCR targets (Table S7), each ligand was docked into its target’s best- and normal-case homology models, resulting in the set of 240 docked complexes comprising ligand–receptor complex category 6.



The ligands docked into TAAR2 and GPR31 modeled structures to produce the external dataset are shown in Table S9. For the set of 4 ligands to be docked into GPR31, each ligand was separately docked into each of the 4 constructed or retrieved GPR31 models. For the set of 2 active ligands to be docked into TAAR2, each ligand was separately docked into each of the 4 constructed or retrieved TAAR2 models. In contrast to docking performed to construct the internal dataset, docking runs used to generate the external dataset retained the 5 best poses after the refinement stage (rather than a single pose). Altogether, our external validation dataset contained 120 docked complexes for GPR31 and TAAR2.




3.7. Feature Extraction


Prior to feature extraction, GPCR residue positions for each ligand–receptor complex in our dataset were first indexed using the BW numbering scheme.



Once residue positions were indexed for transmembrane residues in each ligand–receptor complex, feature extraction was performed to obtain categorical interaction types and numerical interaction energies at each residue position. For each ligand–receptor complex, the following information was extracted for each indexed residue position:




	
The energetic sum of all interactions occurring at the residue (which may include interactions of different atoms in the amino acid residue with different atoms in the ligand;



	
The categorical type of the most energetically favorable interaction occurring at the residue (Hbond: hydrogen bonding, Metal: metal–complexed ionic interactions, Ionic: ionic interactions not involving a metal, Arene: pi–pi or cation–pi interactions, or Distance: van der Waals interactions);



	
The numerical energy of the most energetically favorable interaction occurring at the residue;



	
The categorical type of the second most energetically favorable interaction occurring at the residue;



	
The numerical energy of the second most energetically favorable interaction occurring at the residue.








Although all transmembrane residues in a given ligand–receptor complex can be indexed with the BW numbering scheme, a majority of transmembrane residues do not interact with a ligand. If an indexed residue did not possess interactions with a ligand, its energies were denoted as zero and its interaction types were denoted as ‘None’. If a ligand–receptor complex lacked a residue at a BW numbered index position (which results due to discrepancies in transmembrane domain lengths between GPCR), its interaction energies and types were denoted as ‘NA’. Once the internal dataset denoting the types and energies of interactions at each BW indexed residue position was created, each ligand–receptor complex was assigned to one of four target classes (agonist, antagonist, inverse agonist, inactive) based the activity type of the ligand in the complex. Feature extraction to obtain interaction energies and types was also performed for the external dataset prior to its classification.




3.8. Ligand Activity Prediction


In this work, a classifier capable of predicting ligand activity based on per residue interaction energies and types extracted from a given ligand–receptor complex was developed. This classifier was written in Python 3.9.7 and developed using the RandomForestClassifier algorithm contained within the Scikit-learn version 0.24.2 machine learning library [264]. This classifier has been made freely available at https://github.com/gszwabowski/GPCR_DB_project, accessed on 23 May 2024.



3.8.1. Data Preprocessing


To select a set of residue positions whose interaction energies and types would be used as random forest classifier features, the number of internal dataset ligand–receptor complexes possessing interactions with a ligand at each residue position was calculated. The final list of residue positions whose interaction energies and types were used to predict ligand function can be found in Table S10. In addition to using interaction energies and types for residue positions as predictors for the random forest classifier, an additional predictor denoting whether a ligand–receptor complex contains a modeled protein structure was added to the dataset. Ligand–receptor complexes containing modeled protein structures were assigned a value of 1, while ligand–receptor complexes containing experimentally determined protein structures were assigned a value of 0.



After determining a final set of predictors for classifier development via interaction percentages, categorical variables within the internal dataset (interaction types) were ordinally encoded as integers. In addition, target classes representing ligand function were removed from the dataset prior to classification. Next, the internal dataset was split into training and testing subsets using a randomized 75% to 25% train to test split. Prior to classifier development, missing values within numerical columns of the training and testing subsets were imputed with Scikit-learn’s SimpleImputer function, which replaced missing values using the mean along each column [264]. The training and testing subsets were then standardized with Scikit-learn’s StandardScaler function, which shifted the distribution of all input variables to have a mean of 0 and a standard deviation of 1 [264].



Prior to classification of the external dataset, the predictor denoting whether a ligand–receptor complex contains a modeled protein structure was added to the dataset. Additionally, the external dataset was also subjected to ordinal encoding of categorical variables as well as scaling and imputing with Scikit-learn’s SimpleImputer and StandardScaler functions, respectively.




3.8.2. Random Forest Classifier Development


The ligand function prediction for each ligand–receptor complex was performed using the RandomForestClassifier algorithm contained in the Scikit-learn machine learning library [264]. This algorithm is rooted in the concept of random forests, an ensemble learning approach that constructs many decision trees and outputs predictions based on predicted class votes of the individual decision trees [24]. With this approach, randomly sampled subsets of the training data are chosen from which to grow individual decision trees. Each individual decision tree is then grown by splitting its subset of training data at each node (i.e., “branching” the decision tree) according to a feature sampled from a random subset of training data features. In contrast to traditional implementations of a random forest where each classifier is allowed to vote for a single class, Scikit-learn’s RandomForestClassifier algorithm instead combines individual classifiers by averaging their probabilistic predictions for classification [264].



We applied random forest classification modeling to predict the activity of ligands complexed with experimentally determined structures or docked into experimentally determined or modeled structures using interaction energies/types for 63 BW numbered residue positions and a binary indicator denoting whether a complex involves a modeled protein structure as features. Once data preprocessing of the internal dataset was complete, a random forest classifier implementing 10-fold cross-validation was trained on our training subset using parameters tuned with Scikit-learn’s GridSearchCV function. The final parameters for the random forest classifier were as follows: n_estimators = 500, class_weight = ‘balanced_subsample’, bootstrap = False, max_depth = 30, max_features = ‘auto’, min_samples_leaf = 1, and min_samples_split = 2.



The trained random forest classifier was then used to predict ligand function for the 455 testing subset samples. In our initial set of predictions, ligands were classified as agonists, antagonists, inverse agonists, or inactives. In addition to the set of predictions resulting from initial classification, a modified set of predictions that reconfigured predictions into binary categories of ligand activity was created. In this reconfiguration of our initial predictions (herein referred to as our “merged active” prediction set), any ligand predicted to be an agonist, antagonist, or inverse agonist was relabeled as an active, while any ligand predicted to be inactive was not relabeled. Furthermore, 2 additional subsets of the merged active prediction set were created that individually represented predictions made for ligands complexed with experimentally determined protein structures or predictions made for ligands complexes with modeled protein structures. For each set or subset of predictions, performance of the classifier was assessed with the precision (Equation (3)), accuracy (Equation (4)), and recall (Equation (5)) metrics, which are given by the following:


  Precision =   TP    ( TP + FP )     



(3)






  Accuracy =    TP + TN     ( TP + FP + FN + TN )     



(4)






  Recall =   TP    ( TP + FN )     



(5)




where TP, TN, FP, and FN are the numbers of true positives, true negatives, false positives, and false negatives, respectively, for each class of ligand activity. In addition, hit rates were calculated for the merged active prediction sets using Equation (1).






4. Conclusions


In this work, a random forest classifier was developed to predict whether a potential orthosteric GPCR ligand is likely to be considered active (agonists, antagonists, or inverse agonists) or inactive (wherein a molecule does not induce any change in GPCR function) based on per residue interaction energies and types extracted from its experimentally determined or docked binding mode. Docked binding modes were determined using classical docking using automated site selection after ligand interaction fingerprints were developed and found to offer modest advantages in sampling accurate poses, but without substantial advantage in the final set of top-ranked poses after scoring. The classifier was first trained to predict 4 functional classes (agonist, antagonist, inverse agonist, inactive) using interaction profiles extracted from 1365 class A GPCR ligand–receptor complexes that represented a diverse variety of structure types typically encountered in GPCR ligand identification studies (Figure 4A), and it was validated using 10-fold cross-validation. Subsequent classification of the 455 class A GPCR ligand–receptor complexes in the testing set (Figure 4B) was assessed using the accuracy, precision, and recall metrics. Initial training and testing of the classifier led to a cross-validation score of 0.80 and accuracy, precision, and recall values of 0.76 (Table 5), indicating that the classifier did not overfit to the testing dataset and was capable of accurately predicting ligand function across a variety of GPCR complex types.



The classifier was also used to predict 4 classes of ligand function for an external dataset containing 120 ligand–receptor complexes that resulted from docking 6 GPR31/TAAR2 ligands of varying function (Table S9) into in-house, GPCRdb [26], and AlphaFold [32,33] homology models. Initial classification results for the external dataset were poor, as exhibited by accuracy, precision, and recall metric values of 0.03 when predicting the function for each of the 120 external set ligand–receptor complexes (Table 6). In addition, we desired to address the hypothetical case where separate docked poses of the same GPCR model–ligand pairing in the external dataset are contradictorily predicted. Thus, predictions were also made for the external dataset using majority rule voting (where a GPCR model–ligand pairing was assigned a predicted function based on the function most frequently predicted in its set of five docked poses). However, four class predictions with majority rule voting also resulted in poor accuracy, precision, and recall values of 0.04 (Table 6).



However, the poor performance of the classifier when predicting four functional classes for the external dataset led to our hypothesis that reducing the number of functional classes from four (agonist, antagonist, inverse agonist, inactive) to two (active, inactive) would lead to more accurate predictions of ligand function. Thus, initial predictions for the testing and external datasets were reconfigured with our “merged active” methodology, where agonists, antagonists, and inverse agonists were merged into the active class with no change in the inactive class ligands. For the testing set, merged active reconfiguration of initial predictions resulted in increases in accuracy, precision, and recall metric values (accuracy, precision, and recall = 0.85, Table 7) when compared to initial predictions (accuracy, precision, and recall = 0.76, Table 5), indicating that merging active classes after making initial ligand function predictions led to better classifier performance. Furthermore, reconfiguration of ligand function prediction into a binary classification problem allowed for the calculation of a hit rate metric (Equation (1)) that denoted the percentage of ligands predicted to be actives that were actual actives. A hit rate of 95.4% was observed after merged active prediction reconfiguration for the testing dataset (Table 7), indicating that an overwhelming majority of ligands predicted as actives were true actives. Based on increases in classification performance metrics as well as the observed hit rate, we feel that the merged active reconfiguration after the initial prediction of ligand function was justified. When analyzing merged active predictions per structure type (experimentally determined ligand–receptor complexes vs. modeled ligand–receptor complexes, Table 8 and Table 9), classifier performance was more accurate for ligand–receptor complexes involving experimentally determined structures (hit rate = 97.6%, accuracy, precision, and recall = 0.96, Table 8) than ligand–receptor complexes involving modeled structures (hit rate = 80.6%, accuracy, precision, and recall = 0.60, Table 9). This result was not surprising, since ligand–receptor complexes involving modeled structures were all generated via ligand docking with structures that exhibited a range of structural accuracies when compared to experimentally determined reference structures (alpha carbon RMSD range = 2.41–5.68 Å, Table 4).



For ligand–receptor complexes in the external dataset, the merged active reconfiguration of initial predictions using majority rule resulted in increases in accuracy, precision, and recall metric values (accuracy, precision, and recall = 0.79, respectively, Table 10) when compared to initial majority rule predictions (accuracy, precision, and recall = 0.04, Table 6) further supporting the notion that merging active classes after making initial ligand function predictions leads to better classifier performance. In addition, the observed binder hit rate of 82.6% (Table 10) indicated that the classifier was again capable of identifying true actives in the sets of ligands it classified as active. Classification of the external dataset using majority rule was also examined per GPCR model–ligand pairing, where function prediction for external set ligands docked into in-house [29,30,31], AlphaFold [32,33], GPCRdb [26] active template, and GPCRdb inactive template homology models led to similar observed hit rates (83.3%, 80%, 83.3%, 80%, respectively, Table 11). Overall, the results of this analysis indicated that our classifier was capable of accurately classifying active orthosteric ligands (agonists, antagonists, and inverse agonists) interaction profile fingerprints extracted from binding modes of ligands docked into a variety of homology models.



The machine learning classifier developed in this work is applicable only to predict whether a potential ligand will interact at the orthosteric site of a specific GPCR target. A similar classifier could be developed to predict whether a potential ligand will interact at the allosteric site of a specific GPCR target once a suitable number of GPCR complexes with allosteric ligands becomes available to provide the experimental complexes upon which such a classifier would need to be trained. GPCRdb indicates that only 34 complexes of GPCR with allosteric ligands are currently publicly available, so an allosteric site classifier is not feasible at the current time.



Given that we have developed a classifier that is capable of reliably identifying ligands that may bind to a given GPCR target, we wish to set forth a virtual screening protocol that incorporates our classifier. Using an experimentally determined or modeled structure of a GPCR target, prospective orthosteric ligands should be docked using a method incorporating side chain flexibility. To allow for majority rule predictions of ligand function for each prospective ligand’s set of docked poses, an odd number of docked poses should be retained upon the conclusion of ligand docking. Once docked poses are obtained, interaction energies and types can then be extracted into a dataset that can be fed into our classifier to predict whether a prospective ligand is likely to bind to a GPCR target. The performance of the machine learning classifier described here is challenging to compare to other computational methods utilized in virtual screening workflows, as variable performance between different GPCR targets is likely for each such workflow. However, several virtual screening efforts using TAAR5, which shares a 60% TM similarity with TAAR2, have been published. In 2022, the Atomwise AtomNet® convolutional neural network virtual screening technology was utilized to select a chemically diverse set of 94 predicted hits, of which 2 antagonists with low micromolar potency were identified for a 2% hit rate [265]. In 2023, a virtual screening protocol that included both pharmacophore filtering and docking was used to identify TAAR5 antagonists with a 10% hit rate [266]. Relative to these studies, the machine classifier developed in this study is very promising as a virtual screening tool.








Supplementary Materials


The following supporting information can be downloaded at: https://www.mdpi.com/article/10.3390/ijms25136876/s1.





Author Contributions


Conceptualization, G.L.S. (classifier), M.G. (fingerprint development), E.J.M. (fingerprint testing), D.O. (fingerprint testing), L.N.B. (fingerprint testing), D.L.B. (all aspects) and A.L.P. (all aspects); methodology, G.L.S. (classifier), M.G. (fingerprint development), E.J.M. (fingerprint testing), D.O. (fingerprint testing) and L.N.B. (fingerprint testing); software, G.L.S.; validation, G.L.S., D.L.B. and A.L.P.; formal analysis, G.L.S. (classifier), M.G. (fingerprint development), E.J.M. (fingerprint testing), D.O. (fingerprint testing), L.N.B. (fingerprint testing), D.L.B. (fingerprint testing); investigation, G.L.S. (classifier), M.G. (fingerprint development), E.J.M. (fingerprint testing), D.O. (fingerprint testing) and L.N.B. (fingerprint testing); data curation, G.L.S. and A.L.P.; writing—original draft preparation, G.L.S., D.L.B. and A.L.P.; writing—review and editing, G.L.S., M.G., E.J.M., D.O., L.N.B., D.L.B. and A.L.P.; visualization, G.L.S., M.G., E.J.M., D.O., L.N.B., D.L.B. and A.L.P.; supervision, D.L.B. and A.L.P.; project administration, D.L.B. and A.L.P. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


The raw data supporting the conclusions of this article will be made available by the authors on request. The classifier developed and evaluated in this work has been made freely available at https://github.com/gszwabowski/GPCR_DB_project, accessed on 23 May 2024.




Acknowledgments


The authors express appreciation to the Chemical Computing Group for the MOE software and to Bernie Daigle for his feedback on the development and testing of the machine classifier.




Conflicts of Interest


The authors declare no conflicts of interest.




References


	



Gacasan, S.B.; Baker, D.L.; Parrill, A.L. G Protein-Coupled Receptors: The Evolution of Structural Insight. AIMS Biophys. 2017, 4, 491–527. [Google Scholar] [CrossRef] [PubMed]

	



Hu, G.-M.; Mai, T.-L.; Chen, C.-M. Visualizing the GPCR Network: Classification and Evolution. Sci. Rep. 2017, 7, 15495. [Google Scholar] [CrossRef] [PubMed]

	



Sriram, K.; Insel, P.A. G Protein-Coupled Receptors as Targets for Approved Drugs: How Many Targets and How Many Drugs? Mol. Pharmacol. 2018, 93, 251–258. [Google Scholar] [CrossRef] [PubMed]

	



Hauser, A.S.; Attwood, M.M.; Rask-Andersen, M.; Schiöth, H.B.; Gloriam, D.E. Trends in GPCR Drug Discovery: New Agents, Targets and Indications. Nat. Rev. Drug Discov. 2017, 16, 829. [Google Scholar] [CrossRef]

	



So, S.S.; Ngo, T.; Keov, P.; Smith, N.J.; Kufareva, I. Tackling the Complexities of Orphan GPCR Ligand Discovery with Rationally Assisted Approaches. In GPCRs; Elsevier: Amsterdam, The Netherlands, 2020; pp. 295–334. [Google Scholar]

	



Li, N.; Yin, L.; Chen, X.; Shang, J.; Liang, M.; Gao, L.; Qiang, G.; Xia, J.; Du, G.; Yang, X. Combination of Docking-Based and Pharmacophore-Based Virtual Screening Identifies Novel Agonists That Target the Urotensin Receptor. Molecules 2022, 27, 8692. [Google Scholar] [CrossRef]

	



Neumann, A.; Attah, I.; Al-Hroub, H.; Namasivayam, V.; Müller, C.E. Discovery of P2Y2 Receptor Antagonist Scaffolds through Virtual High-Throughput Screening. J. Chem. Inf. Model. 2022, 62, 1538–1549. [Google Scholar] [CrossRef]

	



Uba, A.I.; Aluwala, H.; Liu, H.; Wu, C. Elucidation of Partial Activation of Cannabinoid Receptor Type 2 and Identification of Potential Partial Agonists: Molecular Dynamics Simulation and Structure-Based Virtual Screening. Comput. Biol. Chem. 2022, 99, 107723. [Google Scholar] [CrossRef]

	



Maia, E.H.B.; Assis, L.C.; De Oliveira, T.A.; Da Silva, A.M.; Taranto, A.G. Structure-Based Virtual Screening: From Classical to Artificial Intelligence. Front. Chem. 2020, 8, 343. [Google Scholar] [CrossRef] [PubMed]

	



Yuriev, E.; Ramsland, P.A. Latest Developments in Molecular Docking: 2010–2011 in Review. J. Mol. Recognit. 2013, 26, 215–239. [Google Scholar] [CrossRef]

	



Fischer, A.; Smiesko, M.; Sellner, M.; Lill, M.A. Decision Making in Structure-Based Drug Discovery: Visual Inspection of Docking Results. J. Med. Chem. 2021, 64, 2489–2500. [Google Scholar] [CrossRef]

	



Huang, S.-Y.; Zou, X. Advances and Challenges in Protein-Ligand Docking. Int. J. Mol. Sci. 2010, 11, 3016–3034. [Google Scholar] [CrossRef]

	



Thomas, B.N.; Parrill, A.L.; Baker, D.L. Self-Docking and Cross-Docking Simulations of G Protein-Coupled Receptor-Ligand Complexes: Impact of Ligand Type and Receptor Activation State. J. Mol. Graph. Model. 2022, 112, 108119. [Google Scholar] [CrossRef] [PubMed]

	



Adeshina, Y.O.; Deeds, E.J.; Karanicolas, J. Machine Learning Classification Can Reduce False Positives in Structure-Based Virtual Screening. Proc. Natl. Acad. Sci. USA 2020, 117, 18477–18488. [Google Scholar] [CrossRef] [PubMed]

	



Parks, C.D.; Gaieb, Z.; Chiu, M.; Yang, H.; Shao, C.; Walters, W.P.; Jansen, J.M.; McGaughey, G.; Lewis, R.A.; Bembenek, S.D. D3R Grand Challenge 4: Blind Prediction of Protein–Ligand Poses, Affinity Rankings, and Relative Binding Free Energies. J. Comput. Aided Mol. Des. 2020, 34, 99–119. [Google Scholar] [CrossRef]

	



Rzęsikowska, K.; Kalinowska-Tłuścik, J.; Krawczuk, A. Hierarchical Analysis of the Target-Based Scoring Function Modification for the Example of Selected Class A GPCRs. Phys. Chem. Chem. Phys. 2022, 25, 3513–3520. [Google Scholar] [CrossRef] [PubMed]

	



Marchetti, F.; Moroni, E.; Pandini, A.; Colombo, G. Machine Learning Prediction of Allosteric Drug Activity from Molecular Dynamics. J. Phys. Chem. Lett. 2021, 12, 3724–3732. [Google Scholar] [CrossRef] [PubMed]

	



Buttenschoen, M.; Morris, G.M.; Deane, C.M. PoseBusters: AI-Based Docking Methods Fail to Generate Physically Valid Poses or Generalise to Novel Sequences. Chem. Sci. 2023, 15, 3130–3139. [Google Scholar] [CrossRef]

	



Oh, J.; Ceong, H.T.; Na, D.; Park, C. A Machine Learning Model for Classifying G-Protein-Coupled Receptors as Agonists or Antagonists. BMC Bioinform. 2022, 23, 346. [Google Scholar] [CrossRef] [PubMed]

	



Remington, J.M.; McKay, K.T.; Beckage, N.B.; Ferrell, J.B.; Schneebeli, S.T.; Li, J. GPCRLigNet: Rapid Screening for GPCR Active Ligands Using Machine Learning. J. Comput. Aided Mol. Des. 2023, 37, 147. [Google Scholar] [CrossRef]

	



Hauser, A.S.; Kooistra, A.J.; Munk, C.; Heydenreich, F.M.; Veprintsev, D.B.; Bouvier, M.; Babu, M.M.; Gloriam, D.E. GPCR Activation Mechanisms across Classes and Macro/Microscales. Nat. Struct. Mol. Biol. 2021, 28, 879–888. [Google Scholar] [CrossRef]

	



Venkatakrishnan, A.J.; Fonseca, R.; Ma, A.K.; Hollingsworth, S.A.; Chemparathy, A.; Hilger, D.; Kooistra, A.J.; Ahmari, R.; Babu, M.M.; Kobilka, B.K. Uncovering Patterns of Atomic Interactions in Static and Dynamic Structures of Proteins. BioRxiv 2019, 840694. [Google Scholar] [CrossRef]

	



Berman, H.M.; Westbrook, J.; Feng, Z.; Gilliland, G.; Bhat, T.N.; Weissig, H.; Shindyalov, I.N.; Bourne, P.E. The Protein Data Bank. Nucleic Acids Res. 2000, 28, 235–242. [Google Scholar] [CrossRef] [PubMed]

	



Breiman, L. Random Forests. Mach. Learn 2001, 45, 5–32. [Google Scholar] [CrossRef]

	



Huang, N.; Shoichet, B.K.; Irwin, J.J. Benchmarking Sets for Molecular Docking. J. Med. Chem. 2006, 49, 6789–6801. [Google Scholar] [CrossRef] [PubMed]

	



Kooistra, A.J.; Mordalski, S.; Pándy-Szekeres, G.; Esguerra, M.; Mamyrbekov, A.; Munk, C.; Keserű, G.M.; Gloriam, D.E. GPCRdb in 2021: Integrating GPCR Sequence, Structure and Function. Nucleic Acids Res. 2021, 49, D335–D343. [Google Scholar] [CrossRef] [PubMed]

	



Guo, Y.; Zhang, W.; Giroux, C.; Cai, Y.; Ekambaram, P.; Dilly, A.; Hsu, A.; Zhou, S.; Maddipati, K.R.; Liu, J. Identification of the Orphan G Protein-Coupled Receptor GPR31 as a Receptor for 12-(S)-Hydroxyeicosatetraenoic Acid. J. Biol. Chem. 2011, 286, 33832–33840. [Google Scholar] [CrossRef] [PubMed]

	



Borowsky, B.; Adham, N.; Jones, K.A.; Raddatz, R.; Artymyshyn, R.; Ogozalek, K.L.; Durkin, M.M.; Lakhlani, P.P.; Bonini, J.A.; Pathirana, S. Trace Amines: Identification of a Family of Mammalian G Protein-Coupled Receptors. Proc. Natl. Acad. Sci. USA 2001, 98, 8966–8971. [Google Scholar] [CrossRef] [PubMed]

	



Szwabowski, G.L.; Castleman, P.N.; Sears, C.K.; Wink, L.H.; Cole, J.A.; Baker, D.L.; Parrill, A.L. Benchmarking GPCR Homology Model Template Selection in Combination with de Novo Loop Generation. J. Comput. Aided Mol. Des. 2020, 34, 1027–1044. [Google Scholar] [CrossRef] [PubMed]

	



Castleman, P.N.; Sears, C.K.; Cole, J.A.; Baker, D.L.; Parrill, A.L. GPCR Homology Model Template Selection Benchmarking: Global versus Local Similarity Measures. J. Mol. Graph. Model. 2019, 86, 235–246. [Google Scholar] [CrossRef]

	



Wink, L.H.; Baker, D.L.; Cole, J.A.; Parrill-Baker, A.L. A Benchmark Study of Loop Modeling Methods Applied to G Protein-Coupled Receptors. J. Comput. Aided Mol. Des. 2019, 33, 573–595. [Google Scholar] [CrossRef]

	



Jumper, J.; Evans, R.; Pritzel, A.; Green, T.; Figurnov, M.; Ronneberger, O.; Tunyasuvunakool, K.; Bates, R.; Žídek, A.; Potapenko, A.; et al. Highly Accurate Protein Structure Prediction with AlphaFold. Nature 2021, 596, 583–589. [Google Scholar] [CrossRef] [PubMed]

	



Varadi, M.; Anyango, S.; Deshpande, M.; Nair, S.; Natassia, C.; Yordanova, G.; Yuan, D.; Stroe, O.; Wood, G.; Laydon, A. AlphaFold Protein Structure Database: Massively Expanding the Structural Coverage of Protein-Sequence Space with High-Accuracy Models. Nucleic Acids Res. 2022, 50, D439–D444. [Google Scholar] [CrossRef] [PubMed]

	



Edelsbrunner, H.; Facello, M.; Fu, P.; Liang, J. Measuring Proteins and Voids in Proteins. In Proceedings of the Annual Hawaii International Conference on System Sciences, Wailea, HI, USA, 3–6 January 1995; Volume 5. [Google Scholar]

	



Molecular Operating Environment (MOE), software version 2019.01; Chemical Computing Group: Montreal, QC, Canada, 2019.

	



Piovesan, D.; Minervini, G.; Tosatto, S.C.E. The RING 2.0 Web Server for High Quality Residue Interaction Networks. Nucleic Acids Res. 2016, 44, W367–W374. [Google Scholar] [CrossRef] [PubMed]

	



Yang, D.; De Waal, P.; Dai, A.; Cai, X.; Liu, P.; Yin, Y.; Liu, B.; Caffrey, M.; Melcher, K.; Xu, Y.; et al. A Common Antagonistic Mechanism for Class A GPCRs Revealed by the Structure of the Human 5-HT1B Serotonin Receptor Bound to an Antagonist. Cell Discov. 2018. [Google Scholar] [CrossRef]

	



Wang, C.; Jiang, Y.; Ma, J.; Wu, H.; Wacker, D.; Katritch, V.; Han, G.W.; Liu, W.; Huang, X.P.; Vardy, E.; et al. Structural Basis for Molecular Recognition at Serotonin Receptors. Science 2013, 340, 610–614. [Google Scholar] [CrossRef] [PubMed]

	



García-Nafría, J.; Nehmé, R.; Edwards, P.C.; Tate, C.G. Cryo-EM Structure of the Serotonin 5-HT1B Receptor Coupled to Heterotrimeric Go. Nature 2018, 558, 620–623. [Google Scholar] [CrossRef]

	



Kimura, K.T.; Asada, H.; Inoue, A.; Kadji, F.M.N.; Im, D.; Mori, C.; Arakawa, T.; Hirata, K.; Nomura, Y.; Nomura, N. Structures of the 5-HT2A Receptor in Complex with the Antipsychotics Risperidone and Zotepine. Nat. Struct. Mol. Biol. 2019, 26, 121–128. [Google Scholar] [CrossRef] [PubMed]

	



McCorvy, J.D.; Wacker, D.; Wang, S.; Agegnehu, B.; Liu, J.; Lansu, K.; Tribo, A.R.; Olsen, R.H.J.; Che, T.; Jin, J.; et al. Structural Determinants of 5-HT2B Receptor Activation and Biased Agonism. Nat. Struct. Mol. Biol. 2018, 25, 787–796. [Google Scholar] [CrossRef]

	



Wacker, D.; Wang, S.; McCorvy, J.D.; Betz, R.M.; Venkatakrishnan, A.J.; Levit, A.; Lansu, K.; Schools, Z.L.; Che, T.; Nichols, D.E.; et al. Crystal Structure of an LSD-Bound Human Serotonin Receptor. Cell 2017, 168, 377–389.e12. [Google Scholar] [CrossRef]

	



Wacker, D.; Wang, C.; Katritch, V.; Han, G.W.; Huang, X.P.; Vardy, E.; McCorvy, J.D.; Jiang, Y.; Chu, M.; Siu, F.Y.; et al. Structural Features for Functional Selectivity at Serotonin Receptors. Science 2013, 340, 615–619. [Google Scholar] [CrossRef]

	



Liu, W.; Wacker, D.; Gati, C.; Han, G.W.; James, D.; Wang, D.; Nelson, G.; Weierstall, U.; Katritch, V.; Barty, A. Serial Femtosecond Crystallography of G Protein–Coupled Receptors. Science 2013, 342, 1521–1524. [Google Scholar] [CrossRef] [PubMed]

	



Ishchenko, A.; Wacker, D.; Kapoor, M.; Zhang, A.; Han, G.W.; Basu, S.; Patel, N.; Messerschmidt, M.; Weierstall, U.; Liu, W.; et al. Structural Insights into the Extracellular Recognition of the Human Serotonin 2B Receptor by an Antibody. Proc. Natl. Acad. Sci. USA 2017, 114, 8223–8228. [Google Scholar] [CrossRef] [PubMed]

	



Peng, Y.; McCorvy, J.D.; Harpsøe, K.; Lansu, K.; Yuan, S.; Popov, P.; Qu, L.; Pu, M.; Che, T.; Nikolajsen, L.F. 5-HT2C Receptor Structures Reveal the Structural Basis of GPCR Polypharmacology. Cell 2018, 172, 719–730.e14. [Google Scholar] [CrossRef] [PubMed]

	



Glukhova, A.; Thal, D.M.; Nguyen, A.T.; Vecchio, E.A.; Jörg, M.; Scammells, P.J.; May, L.T.; Sexton, P.M.; Christopoulos, A. Structure of the Adenosine A1 Receptor Reveals the Basis for Subtype Selectivity. Cell 2017, 168, 867–877.e13. [Google Scholar] [CrossRef] [PubMed]

	



Cheng, R.K.Y.; Segala, E.; Robertson, N.; Deflorian, F.; Doré, A.S.; Errey, J.C.; Fiez-Vandal, C.; Marshall, F.H.; Cooke, R.M. Structures of Human A1 and A2A Adenosine Receptors with Xanthines Reveal Determinants of Selectivity. Structure 2017, 25, 1275–1285.e4. [Google Scholar] [CrossRef] [PubMed]

	



Draper-Joyce, C.J.; Khoshouei, M.; Thal, D.M.; Liang, Y.L.; Nguyen, A.T.N.; Furness, S.G.B.; Venugopal, H.; Baltos, J.A.; Plitzko, J.M.; Danev, R.; et al. Structure of the Adenosine-Bound Human Adenosine A1 Receptor-Gi Complex. Nature 2018, 558, 559–565. [Google Scholar] [CrossRef] [PubMed]

	



Segala, E.; Guo, D.; Cheng, R.K.Y.; Bortolato, A.; Deflorian, F.; Doré, A.S.; Errey, J.C.; Heitman, L.H.; Ijzerman, A.P.; Marshall, F.H.; et al. Controlling the Dissociation of Ligands from the Adenosine A2A Receptor through Modulation of Salt Bridge Strength. J. Med. Chem. 2016, 59, 6470–6479. [Google Scholar] [CrossRef] [PubMed]

	



Sun, B.; Bachhawat, P.; Chu, M.L.H.; Wood, M.; Ceska, T.; Sands, Z.A.; Mercier, J.; Lebon, F.; Kobilka, T.S.; Kobilka, B.K. Crystal Structure of the Adenosine A2A Receptor Bound to an Antagonist Reveals a Potential Allosteric Pocket. Proc. Natl. Acad. Sci. USA 2017, 114, 2066–2071. [Google Scholar] [CrossRef]

	



Lebon, G.; Edwards, P.C.; Leslie, A.G.W.; Tate, C.G. Molecular Determinants of CGS21680 Binding to the Human Adenosine A2A Receptor. Mol. Pharmacol. 2015, 87, 907–915. [Google Scholar] [CrossRef]

	



Rucktooa, P.; Cheng, R.K.Y.; Segala, E.; Geng, T.; Errey, J.C.; Brown, G.A.; Cooke, R.M.; Marshall, F.H.; Doré, A.S. Towards High Throughput GPCR Crystallography: In Meso Soaking of Adenosine A2A Receptor Crystals. Sci. Rep. 2018, 8, 41. [Google Scholar] [CrossRef]

	



Congreve, M.; Andrews, S.P.; Doré, A.S.; Hollenstein, K.; Hurrell, E.; Langmead, C.J.; Mason, J.S.; Ng, I.W.; Tehan, B.; Zhukov, A.; et al. Discovery of 1,2,4-Triazine Derivatives as Adenosine A 2A Antagonists Using Structure Based Drug Design. J. Med. Chem. 2012, 55, 1898–1903. [Google Scholar] [CrossRef]

	



Lebon, G.; Warne, T.; Edwards, P.C.; Bennett, K.; Langmead, C.J.; Leslie, A.G.W.; Tate, C.G. Agonist-Bound Adenosine A2A Receptor Structures Reveal Common Features of GPCR Activation. Nature 2011, 474, 521–526. [Google Scholar] [CrossRef]

	



Carpenter, B.; Nehmé, R.; Warne, T.; Leslie, A.G.W.; Tate, C.G. Structure of the Adenosine A2A Receptor Bound to an Engineered G Protein. Nature 2016, 536, 104–107. [Google Scholar] [CrossRef]

	



García-Nafría, J.; Lee, Y.; Bai, X.; Carpenter, B.; Tate, C.G. Cryo-EM Structure of the Adenosine A2A Receptor Coupled to an Engineered Heterotrimeric G Protein. eLife 2018, 7, e35946. [Google Scholar] [CrossRef]

	



Xu, F.; Wu, H.; Katritch, V.; Han, G.W.; Jacobson, K.A.; Gao, Z.G.; Cherezov, V.; Stevens, R.C. Structure of an Agonist-Bound Human A2A Adenosine Receptor. Science 2011, 332, 322–327. [Google Scholar] [CrossRef]

	



White, K.L.; Eddy, M.T.; Gao, Z.G.; Han, G.W.; Lian, T.; Deary, A.; Patel, N.; Jacobson, K.A.; Katritch, V.; Stevens, R.C. Structural Connection between Activation Microswitch and Allosteric Sodium Site in GPCR Signaling. Structure 2018, 26, 259–269.e5. [Google Scholar] [CrossRef]

	



Jaakola, V.P.; Griffith, M.T.; Hanson, M.A.; Cherezov, V.; Chien, E.Y.T.; Lane, J.R.; Ijzerman, A.P.; Stevens, R.C. The 2.6 Angstrom Crystal Structure of a Human A2A Adenosine Receptor Bound to an Antagonist. Science 2008, 322, 1211–1217. [Google Scholar] [CrossRef]

	



Doré, A.S.; Robertson, N.; Errey, J.C.; Ng, I.; Hollenstein, K.; Tehan, B.; Hurrell, E.; Bennett, K.; Congreve, M.; Magnani, F.; et al. Structure of the Adenosine A 2A Receptor in Complex with ZM241385 and the Xanthines XAC and Caffeine. Structure 2011, 19, 1283–1293. [Google Scholar] [CrossRef]

	



Hino, T.; Arakawa, T.; Iwanari, H.; Yurugi-Kobayashi, T.; Ikeda-Suno, C.; Nakada-Nakura, Y.; Kusano-Arai, O.; Weyand, S.; Shimamura, T.; Nomura, N.; et al. G-Protein-Coupled Receptor Inactivation by an Allosteric Inverse-Agonist Antibody. Nature 2012, 482, 237–240. [Google Scholar] [CrossRef]

	



Liu, W.; Chun, E.; Thompson, A.A.; Chubukov, P.; Xu, F.; Katritch, V.; Han, G.W.; Roth, C.B.; Heitman, L.H.; IJzerman, A.P.; et al. Structural Basis for Allosteric Regulation of GPCRS by Sodium Ions. Science 2012, 337, 232–236. [Google Scholar] [CrossRef]

	



Melnikov, I.; Polovinkin, V.; Kovalev, K.; Gushchin, I.; Shevtsov, M.; Shevchenko, V.; Mishin, A.; Alekseev, A.; Rodriguez-Valera, F.; Borshchevskiy, V.; et al. Fast Iodide-SAD Phasing for High-Throughput Membrane Protein Structure Determination. Sci. Adv. 2017, 3, e1602952. [Google Scholar] [CrossRef]

	



Batyuk, A.; Galli, L.; Ishchenko, A.; Han, G.W.; Gati, C.; Popov, P.A.; Lee, M.Y.; Stauch, B.; White, T.A.; Barty, A.; et al. Native Phasing of X-Ray Free-Electron Laser Data for a G Protein–Coupled Receptor. Sci. Adv. 2016, 2, e1600292. [Google Scholar] [CrossRef]

	



Weinert, T.; Olieric, N.; Cheng, R.; Brünle, S.; James, D.; Ozerov, D.; Gashi, D.; Vera, L.; Marsh, M.; Jaeger, K.; et al. Serial Millisecond Crystallography for Routine Room-Temperature Structure Determination at Synchrotrons. Nat. Commun. 2017, 8, 542. [Google Scholar] [CrossRef]

	



Martin-Garcia, J.M.; Conrad, C.E.; Nelson, G.; Stander, N.; Zatsepin, N.A.; Zook, J.; Zhu, L.; Geiger, J.; Chun, E.; Kissick, D.; et al. Serial Millisecond Crystallography of Membrane and Soluble Protein Microcrystals Using Synchrotron Radiation. IUCrJ 2017, 4, 439–454. [Google Scholar] [CrossRef]

	



Broecker, J.; Morizumi, T.; Ou, W.L.; Klingel, V.; Kuo, A.; Kissick, D.J.; Ishchenko, A.; Lee, M.Y.; Xu, S.; Makarov, O.; et al. High-Throughput in Situ X-Ray Screening of and Data Collection from Protein Crystals at Room Temperature and under Cryogenic Conditions. Nat. Protoc. 2018, 13, 260–291. [Google Scholar] [CrossRef]

	



Eddy, M.T.; Lee, M.Y.; Gao, Z.G.; White, K.L.; Didenko, T.; Horst, R.; Audet, M.; Stanczak, P.; McClary, K.M.; Han, G.W.; et al. Allosteric Coupling of Drug Binding and Intracellular Signaling in the A2A Adenosine Receptor. Cell 2018, 172, 68–80.e12. [Google Scholar] [CrossRef]

	



Thal, D.M.; Sun, B.; Feng, D.; Nawaratne, V.; Leach, K.; Felder, C.C.; Bures, M.G.; Evans, D.A.; Weis, W.I.; Bachhawat, P. Crystal Structures of the M1 and M4 Muscarinic Acetylcholine Receptors. Nature 2016, 531, 335–340. [Google Scholar] [CrossRef]

	



Maeda, S.; Qu, Q.; Robertson, M.J.; Skiniotis, G.; Kobilka, B.K. Structures of the M1 and M2 Muscarinic Acetylcholine Receptor/G-Protein Complexes. Science 2019, 364, 552–557. [Google Scholar] [CrossRef]

	



Suno, R.; Lee, S.; Maeda, S.; Yasuda, S.; Yamashita, K.; Hirata, K.; Horita, S.; Tawaramoto, M.S.; Tsujimoto, H.; Murata, T.; et al. Structural Insights into the Subtype-Selective Antagonist Binding to the M2 Muscarinic Receptor. Nat. Chem. Biol. 2018, 14, 1150–1158. [Google Scholar] [CrossRef]

	



Haga, K.; Kruse, A.C.; Asada, H.; Yurugi-Kobayashi, T.; Shiroishi, M.; Zhang, C.; Weis, W.I.; Okada, T.; Kobilka, B.K.; Haga, T.; et al. Structure of the Human M2 Muscarinic Acetylcholine Receptor Bound to an Antagonist. Nature 2012, 482, 547–551. [Google Scholar] [CrossRef]

	



Kruse, A.C.; Ring, A.M.; Manglik, A.; Hu, J.; Hu, K.; Eitel, K.; Hübner, H.; Pardon, E.; Valant, C.; Sexton, P.M.; et al. Activation and Allosteric Modulation of a Muscarinic Acetylcholine Receptor. Nature 2013, 504, 101–106. [Google Scholar] [CrossRef]

	



Liu, H.; Hofmann, J.; Fish, I.; Schaake, B.; Eitel, K.; Bartuschat, A.; Kaindl, J.; Rampp, H.; Banerjee, A.; Hübner, H. Structure-Guided Development of Selective M3 Muscarinic Acetylcholine Receptor Antagonists. Proc. Natl. Acad. Sci. USA 2018, 115, 12046–12050. [Google Scholar] [CrossRef]

	



Thorsen, T.S.; Matt, R.; Weis, W.I.; Kobilka, B.K. Modified T4 Lysozyme Fusion Proteins Facilitate G Protein-Coupled Receptor Crystallogenesis. Structure 2014, 22, 1657–1664. [Google Scholar] [CrossRef]

	



Kruse, A.C.; Hu, J.; Pan, A.C.; Arlow, D.H.; Rosenbaum, D.M.; Rosemond, E.; Green, H.F.; Liu, T.; Chae, P.S.; Dror, R.O. Structure and Dynamics of the M3 Muscarinic Acetylcholine Receptor. Nature 2012, 482, 552–556. [Google Scholar] [CrossRef]

	



Vuckovic, Z.; Gentry, P.R.; Berizzi, A.E.; Hirata, K.; Varghese, S.; Thompson, G.; van der Westhuizen, E.T.; Burger, W.A.C.; Rahmani, R.; Valant, C. Crystal Structure of the M5 Muscarinic Acetylcholine Receptor. Proc. Natl. Acad. Sci. USA 2019, 116, 26001–26007. [Google Scholar] [CrossRef]

	



Warne, T.; Serrano-Vega, M.J.; Baker, J.G.; Moukhametzianov, R.; Edwards, P.C.; Henderson, R.; Leslie, A.G.W.; Tate, C.G.; Schertler, G.F.X. Structure of a Β1-Adrenergic G-Protein-Coupled Receptor. Nature 2008, 454, 486–491. [Google Scholar] [CrossRef]

	



Moukhametzianov, R.; Warne, T.; Edwards, P.C.; Serrano-Vega, M.J.; Leslie, A.G.W.; Tate, C.G.; Schertler, G.F.X. Two Distinct Conformations of Helix 6 Observed in Antagonist-Bound Structures of a Β1-Adrenergic Receptor. Proc. Natl. Acad. Sci. USA 2011, 108, 8228–8232. [Google Scholar] [CrossRef]

	



Miller-Gallacher, J.L.; Nehmé, R.; Warne, T.; Edwards, P.C.; Schertler, G.F.X.; Leslie, A.G.W.; Tate, C.G. The 2.1 Å Resolution Structure of Cyanopindolol-Bound Β1-Adrenoceptor Identifies an Intramembrane Na+ Ion That Stabilises the Ligand-Free Receptor. PLoS ONE 2014, 9, e92727. [Google Scholar] [CrossRef]

	



Leslie, A.G.W.; Warne, T.; Tate, C.G. Ligand Occupancy in Crystal Structure of β 1-Adrenergic G Protein Coupled Receptor. Nat. Struct. Mol. Biol. 2015, 22, 941–942. [Google Scholar] [CrossRef]

	



Warne, T.; Edwards, P.C.; Dorfe, A.S.; Leslie, A.G.W.; Tate, C.G. Molecular Basis for High-Affinity Agonist Binding in GPCRs. Science 2019, 364, 775–778. [Google Scholar] [CrossRef]

	



Sato, T.; Baker, J.; Warne, T.; Brown, G.A.; Leslie, A.G.W.; Congreve, M.; Tate, C.G. Pharmacological Analysis and Structure Determination of 7-Methylcyanopindolol-Bound Β1-Adrenergic Receptor. Mol. Pharmacol. 2015, 88, 1024–1034. [Google Scholar] [CrossRef]

	



Warne, T.; Edwards, P.C.; Leslie, A.G.W.; Tate, C.G. Crystal Structures of a Stabilized Β1-Adrenoceptor Bound to the Biased Agonists Bucindolol and Carvedilol. Structure 2012, 20, 841–849. [Google Scholar] [CrossRef]

	



Warne, T.; Moukhametzianov, R.; Baker, J.G.; Nehmé, R.; Edwards, P.C.; Leslie, A.G.W.; Schertler, G.F.X.; Tate, C.G. The Structural Basis for Agonist and Partial Agonist Action on a Β1-Adrenergic Receptor. Nature 2011, 469, 241–245. [Google Scholar] [CrossRef]

	



Christopher, J.A.; Brown, J.; Doré, A.S.; Errey, J.C.; Koglin, M.; Marshall, F.H.; Myszka, D.G.; Rich, R.L.; Tate, C.G.; Tehan, B.; et al. Biophysical Fragment Screening of the Β1-Adrenergic Receptor: Identification of High Affinity Arylpiperazine Leads Using Structure-Based Drug Design. J. Med. Chem. 2013, 56, 3446–3455. [Google Scholar] [CrossRef]

	



Lee, Y.; Warne, T.; Nehmé, R.; Pandey, S.; Dwivedi-Agnihotri, H.; Chaturvedi, M.; Edwards, P.C.; García-Nafría, J.; Leslie, A.G.W.; Shukla, A.K.; et al. Molecular Basis of β-Arrestin Coupling to Formoterol-Bound Β1-Adrenoceptor. Nature 2020, 583, 862–866. [Google Scholar] [CrossRef]

	



Rasmussen, S.G.F.; Choi, H.J.; Fung, J.J.; Pardon, E.; Casarosa, P.; Chae, P.S.; Devree, B.T.; Rosenbaum, D.M.; Thian, F.S.; Kobilka, T.S.; et al. Structure of a Nanobody-Stabilized Active State of the Β2 Adrenoceptor. Nature 2011, 469, 175–181. [Google Scholar] [CrossRef]

	



Rasmussen, S.G.F.; Devree, B.T.; Zou, Y.; Kruse, A.C.; Chung, K.Y.; Kobilka, T.S.; Thian, F.S.; Chae, P.S.; Pardon, E.; Calinski, D.; et al. Crystal Structure of the β 2 Adrenergic Receptor-Gs Protein Complex. Nature 2011, 477, 549–557. [Google Scholar] [CrossRef]

	



Ring, A.M.; Manglik, A.; Kruse, A.C.; Enos, M.D.; Weis, W.I.; Garcia, K.C.; Kobilka, B.K. Adrenaline-Activated Structure of β 2-Adrenoceptor Stabilized by an Engineered Nanobody. Nature 2013, 502, 575–579. [Google Scholar] [CrossRef]

	



Wacker, D.; Fenalti, G.; Brown, M.A.; Katritch, V.; Abagyan, R.; Cherezov, V.; Stevens, R.C. Conserved Binding Mode of Human Β2 Adrenergic Receptor Inverse Agonists and Antagonist Revealed by X-Ray Crystallography. J. Am. Chem. Soc. 2010, 132, 11443–11445. [Google Scholar] [CrossRef]

	



Cherezov, V.; Rosenbaum, D.M.; Hanson, M.A.; Rasmussen, S.G.F.; Thian, F.S.; Kobilka, T.S.; Choi, H.-J.; Kuhn, P.; Weis, W.I.; Kobilka, B.K. High-Resolution Crystal Structure of an Engineered Human Β2-Adrenergic G Protein–Coupled Receptor. Science 2007, 318, 1258–1265. [Google Scholar] [CrossRef]

	



Zou, Y.; Weis, W.I.; Kobilka, B.K. N-Terminal T4 Lysozyme Fusion Facilitates Crystallization of a G Protein Coupled Receptor. PLoS ONE 2012, 7, e46039. [Google Scholar] [CrossRef] [PubMed]

	



Huang, C.Y.; Olieric, V.; Ma, P.; Howe, N.; Vogeley, L.; Liu, X.; Warshamanage, R.; Weinert, T.; Panepucci, E.; Kobilka, B.; et al. In Meso in Situ Serial X-Ray Crystallography of Soluble and Membrane Proteins at Cryogenic Temperatures. Acta Crystallogr. D Struct. Biol. 2016, 72, 93–112. [Google Scholar] [CrossRef] [PubMed]

	



Ma, P.; Weichert, D.; Aleksandrov, L.A.; Jensen, T.J.; Riordan, J.R.; Liu, X.; Kobilka, B.K.; Caffrey, M. The Cubicon Method for Concentrating Membrane Proteins in the Cubic Mesophase. Nat. Protoc. 2017, 12, 1745–1762. [Google Scholar] [CrossRef] [PubMed]

	



Staus, D.P.; Strachan, R.T.; Manglik, A.; Pani, B.; Kahsai, A.W.; Kim, T.H.; Wingler, L.M.; Ahn, S.; Chatterjee, A.; Masoudi, A.; et al. Allosteric Nanobodies Reveal the Dynamic Range and Diverse Mechanisms of G-Protein-Coupled Receptor Activation. Nature 2016, 535, 448–452. [Google Scholar] [CrossRef] [PubMed]

	



Rosenbaum, D.M.; Zhang, C.; Lyons, J.A.; Holl, R.; Aragao, D.; Arlow, D.H.; Rasmussen, S.G.F.; Choi, H.J.; Devree, B.T.; Sunahara, R.K.; et al. Structure and Function of an Irreversible Agonist-Β2 Adrenoceptor Complex. Nature 2011, 469, 236–242. [Google Scholar] [CrossRef] [PubMed]

	



Weichert, D.; Kruse, A.C.; Manglik, A.; Hiller, C.; Zhang, C.; Hübner, H.; Kobilka, B.K.; Gmeiner, P. Covalent Agonists for Studying G Protein-Coupled Receptor Activation. Proc. Natl. Acad. Sci. USA 2014, 111, 10744–10748. [Google Scholar] [CrossRef]

	



Masureel, M.; Zou, Y.; Picard, L.P.; van der Westhuizen, E.; Mahoney, J.P.; Rodrigues, J.P.G.L.M.; Mildorf, T.J.; Dror, R.O.; Shaw, D.E.; Bouvier, M.; et al. Structural Insights into Binding Specificity, Efficacy and Bias of a β 2 AR Partial Agonist. Nat. Chem. Biol. 2018, 14, 1059–1066. [Google Scholar] [CrossRef]

	



Hanson, M.A.; Cherezov, V.; Griffith, M.T.; Roth, C.B.; Jaakola, V.P.; Chien, E.Y.T.; Velasquez, J.; Kuhn, P.; Stevens, R.C. A Specific Cholesterol Binding Site Is Established by the 2.8 Å Structure of the Human Β2-Adrenergic Receptor. Structure 2008, 16, 897–905. [Google Scholar] [CrossRef]

	



Liu, X.; Ahn, S.; Kahsai, A.W.; Meng, K.-C.; Latorraca, N.R.; Pani, B.; Venkatakrishnan, A.J.; Masoudi, A.; Weis, W.I.; Dror, R.O.; et al. Mechanism of Intracellular Allosteric Β2AR Antagonist Revealed by X-Ray Crystal Structure. Nature 2017, 548, 480–484. [Google Scholar] [CrossRef]

	



Zhang, H.; Unal, H.; Desnoyer, R.; Han, G.W.; Patel, N.; Katritch, V.; Karnik, S.S.; Cherezov, V.; Stevens, R.C. Structural Basis for Ligand Recognition and Functional Selectivity at Angiotensin Receptor. J. Biol. Chem. 2015, 290, 29127–29139. [Google Scholar] [CrossRef]

	



Zhang, H.; Unal, H.; Gati, C.; Han, G.W.; Liu, W.; Zatsepin, N.A.; James, D.; Wang, D.; Nelson, G.; Weierstall, U.; et al. Structure of the Angiotensin Receptor Revealed by Serial Femtosecond Crystallography. Cell 2015, 161, 833–844. [Google Scholar] [CrossRef]

	



Wingler, L.M.; McMahon, C.; Staus, D.P.; Lefkowitz, R.J.; Kruse, A.C. Distinctive Activation Mechanism for Angiotensin Receptor Revealed by a Synthetic Nanobody. Cell 2019, 176, 479–490.e12. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, H.; Han, G.W.; Batyuk, A.; Ishchenko, A.; White, K.L.; Patel, N.; Sadybekov, A.; Zamlynny, B.; Rudd, M.T.; Hollenstein, K. Structural Basis for Selectivity and Diversity in Angiotensin II Receptors. Nature 2017, 544, 327. [Google Scholar] [CrossRef]

	



Asada, H.; Inoue, A.; Ngako Kadji, F.M.; Hirata, K.; Shiimura, Y.; Im, D.; Shimamura, T.; Nomura, N.; Iwanari, H.; Hamakubo, T.; et al. The Crystal Structure of Angiotensin II Type 2 Receptor with Endogenous Peptide Hormone. Structure 2020, 28, 418–425.e4. [Google Scholar] [CrossRef]

	



Asada, H.; Horita, S.; Hirata, K.; Shiroishi, M.; Shiimura, Y.; Iwanari, H.; Hamakubo, T.; Shimamura, T.; Nomura, N.; Kusano-Arai, O.; et al. Crystal Structure of the Human Angiotensin Ii Type 2 Receptor Bound to an Angiotensin Ii Analog. Nat. Struct. Mol. Biol. 2018, 25, 570–576. [Google Scholar] [CrossRef]

	



Ma, Y.; Ding, Y.; Song, X.; Ma, X.; Li, X.; Zhang, N.; Song, Y.; Sun, Y.; Shen, Y.; Zhong, W.; et al. Structure-Guided Discovery of a Single-Domain Antibody Agonist against Human Apelin Receptor. Sci. Adv. 2020, 6, eaax7379. [Google Scholar] [CrossRef]

	



Ma, Y.; Yue, Y.; Ma, Y.; Zhang, Q.; Zhou, Q.; Song, Y.; Shen, Y.; Li, X.; Ma, X.; Li, C.; et al. Structural Basis for Apelin Control of the Human Apelin Receptor. Structure 2017, 25, 858–866.e4. [Google Scholar] [CrossRef]

	



Robertson, N.; Rappas, M.; Doré, A.S.; Brown, J.; Bottegoni, G.; Koglin, M.; Cansfield, J.; Jazayeri, A.; Cooke, R.M.; Marshall, F.H. Structure of the Complement C5a Receptor Bound to the Extra-Helical Antagonist NDT9513727. Nature 2018, 553, 111–114. [Google Scholar] [CrossRef] [PubMed]

	



Liu, H.; Kim, H.R.; Deepak, R.N.V.K.; Wang, L.; Chung, K.Y.; Fan, H.; Wei, Z.; Zhang, C. Orthosteric and Allosteric Action of the C5a Receptor Antagonists. Nat. Struct. Mol. Biol. 2018, 25, 472–481. [Google Scholar] [CrossRef] [PubMed]

	



Apel, A.-K.; Cheng, R.K.Y.; Tautermann, C.S.; Brauchle, M.; Huang, C.-Y.; Pautsch, A.; Hennig, M.; Nar, H.; Schnapp, G. Crystal Structure of CC Chemokine Receptor 2A in Complex with an Orthosteric Antagonist Provides Insights for the Design of Selective Antagonists. Structure 2019, 27, 427–438. [Google Scholar] [CrossRef]

	



Zheng, Y.; Qin, L.; Zacarías, N.V.O.; De Vries, H.; Han, G.W.; Gustavsson, M.; Dabros, M.; Zhao, C.; Cherney, R.J.; Carter, P.; et al. Structure of CC Chemokine Receptor 2 with Orthosteric and Allosteric Antagonists. Nature 2016, 540, 458–461. [Google Scholar] [CrossRef] [PubMed]

	



Peng, P.; Chen, H.; Zhu, Y.; Wang, Z.; Li, J.; Luo, R.-H.; Wang, J.; Chen, L.; Yang, L.-M.; Jiang, H. Structure-Based Design of 1-Heteroaryl-1, 3-Propanediamine Derivatives as a Novel Series of CC-Chemokine Receptor 5 Antagonists. J. Med. Chem. 2018, 61, 9621–9636. [Google Scholar] [CrossRef] [PubMed]

	



Tan, Q.; Zhu, Y.; Li, J.; Chen, Z.; Han, G.W.; Kufareva, I.; Li, T.; Ma, L.; Fenalti, G.; Li, J. Structure of the CCR5 Chemokine Receptor–HIV Entry Inhibitor Maraviroc Complex. Science 2013, 341, 1387–1390. [Google Scholar] [CrossRef] [PubMed]

	



Shaik, M.M.; Peng, H.; Lu, J.; Rits-Volloch, S.; Xu, C.; Liao, M.; Chen, B. Structural Basis of Coreceptor Recognition by HIV-1 Envelope Spike. Nature 2019, 565, 318–323. [Google Scholar] [CrossRef]

	



Zheng, Y.; Han, G.W.; Abagyan, R.; Wu, B.; Stevens, R.C.; Cherezov, V.; Kufareva, I.; Handel, T.M. Structure of CC Chemokine Receptor 5 with a Potent Chemokine Antagonist Reveals Mechanisms of Chemokine Recognition and Molecular Mimicry by HIV. Immunity 2017, 46, 1005–1017.e5. [Google Scholar] [CrossRef] [PubMed]

	



Jaeger, K.; Bruenle, S.; Weinert, T.; Guba, W.; Muehle, J.; Miyazaki, T.; Weber, M.; Furrer, A.; Haenggi, N.; Tetaz, T.; et al. Structural Basis for Allosteric Ligand Recognition in the Human CC Chemokine Receptor 7. Cell 2019, 178, 1222–1230.e10. [Google Scholar] [CrossRef] [PubMed]

	



Oswald, C.; Rappas, M.; Kean, J.; Doré, A.S.; Errey, J.C.; Bennett, K.; Deflorian, F.; Christopher, J.A.; Jazayeri, A.; Mason, J.S.; et al. Intracellular Allosteric Antagonism of the CCR9 Receptor. Nature 2016, 540, 462–465. [Google Scholar] [CrossRef] [PubMed]

	



Luginina, A.; Gusach, A.; Marin, E.; Mishin, A.; Brouillette, R.; Popov, P.; Shiriaeva, A.; Besserer-Offroy, É.; Longpré, J.-M.; Lyapina, E. Structure-Based Mechanism of Cysteinyl Leukotriene Receptor Inhibition by Antiasthmatic Drugs. Sci. Adv. 2019, 5, eaax2518. [Google Scholar] [CrossRef]

	



Hua, T.; Vemuri, K.; Nikas, S.P.; Laprairie, R.B.; Wu, Y.; Qu, L.; Pu, M.; Korde, A.; Jiang, S.; Ho, J.-H. Crystal Structures of Agonist-Bound Human Cannabinoid Receptor CB1. Nature 2017, 547, 468–471. [Google Scholar] [CrossRef]

	



Hua, T.; Vemuri, K.; Pu, M.; Qu, L.; Han, G.W.; Wu, Y.; Zhao, S.; Shui, W.; Li, S.; Korde, A. Crystal Structure of the Human Cannabinoid Receptor CB1. Cell 2016, 167, 750–762. [Google Scholar] [CrossRef]

	



Kumar, K.K.; Shalev-Benami, M.; Robertson, M.J.; Hu, H.; Banister, S.D.; Hollingsworth, S.A.; Latorraca, N.R.; Kato, H.E.; Hilger, D.; Maeda, S. Structure of a Signaling Cannabinoid Receptor 1-G Protein Complex. Cell 2019, 176, 448–458. [Google Scholar] [CrossRef] [PubMed]

	



Shao, Z.; Yin, J.; Chapman, K.; Grzemska, M.; Clark, L.; Wang, J.; Rosenbaum, D.M. High-Resolution Crystal Structure of the Human CB1 Cannabinoid Receptor. Nature 2016, 540, 602–606. [Google Scholar] [CrossRef] [PubMed]

	



Li, X.; Hua, T.; Vemuri, K.; Ho, J.-H.; Wu, Y.; Wu, L.; Popov, P.; Benchama, O.; Zvonok, N.; Qu, L. Crystal Structure of the Human Cannabinoid Receptor CB2. Cell 2019, 176, 459–467. [Google Scholar] [CrossRef] [PubMed]

	



Hua, T.; Li, X.; Wu, L.; Iliopoulos-Tsoutsouvas, C.; Wang, Y.; Wu, M.; Shen, L.; Brust, C.A.; Nikas, S.P.; Song, F. Activation and Signaling Mechanism Revealed by Cannabinoid Receptor-Gi Complex Structures. Cell 2020, 180, 655–665. [Google Scholar] [CrossRef] [PubMed]

	



Xing, C.; Zhuang, Y.; Xu, T.-H.; Feng, Z.; Zhou, X.E.; Chen, M.; Wang, L.; Meng, X.; Xue, Y.; Wang, J. Cryo-EM Structure of the Human Cannabinoid Receptor CB2-Gi Signaling Complex. Cell 2020, 180, 645–654. [Google Scholar] [CrossRef] [PubMed]

	



Wu, B.; Chien, E.Y.T.; Mol, C.D.; Fenalti, G.; Liu, W.; Katritch, V.; Abagyan, R.; Brooun, A.; Wells, P.; Bi, F.C.; et al. Structures of the CXCR4 Chemokine GPCR with Small-Molecule and Cyclic Peptide Antagonists. Science 2010, 330, 1066–1071. [Google Scholar] [CrossRef]

	



Qin, L.; Kufareva, I.; Holden, L.G.; Wang, C.; Zheng, Y.; Zhao, C.; Fenalti, G.; Wu, H.; Han, G.W.; Cherezov, V.; et al. Crystal Structure of the Chemokine Receptor CXCR4 in Complex with a Viral Chemokine. Science 2015, 347, 1117–1122. [Google Scholar] [CrossRef] [PubMed]

	



Fan, L.; Tan, L.; Chen, Z.; Qi, J.; Nie, F.; Luo, Z.; Cheng, J.; Wang, S. Haloperidol Bound D 2 Dopamine Receptor Structure Inspired the Discovery of Subtype Selective Ligands. Nat. Commun. 2020, 11, 1074. [Google Scholar] [CrossRef] [PubMed]

	



Wang, S.; Che, T.; Levit, A.; Shoichet, B.K.; Wacker, D.; Roth, B.L. Structure of the D2 Dopamine Receptor Bound to the Atypical Antipsychotic Drug Risperidone. Nature 2018, 555, 269–273. [Google Scholar] [CrossRef]

	



Chien, E.Y.T.; Liu, W.; Zhao, Q.; Katritch, V.; Han, G.W.; Hanson, M.A.; Shi, L.; Newman, A.H.; Javitch, J.A.; Cherezov, V. Structure of the Human Dopamine D3 Receptor in Complex with a D2/D3 Selective Antagonist. Science 2010, 330, 1091–1095. [Google Scholar] [CrossRef]

	



Wang, S.; Wacker, D.; Levit, A.; Che, T.; Betz, R.M.; McCorvy, J.D.; Venkatakrishnan, A.J.; Huang, X.-P.; Dror, R.O.; Shoichet, B.K. D4 Dopamine Receptor High-Resolution Structures Enable the Discovery of Selective Agonists. Science 2017, 358, 381–386. [Google Scholar] [CrossRef] [PubMed]

	



Nagiri, C.; Shihoya, W.; Inoue, A.; Kadji, F.M.N.; Aoki, J.; Nureki, O. Crystal Structure of Human Endothelin ETB Receptor in Complex with Peptide Inverse Agonist IRL2500. Commun. Biol. 2019, 2, 236. [Google Scholar] [CrossRef] [PubMed]

	



Shihoya, W.; Nishizawa, T.; Yamashita, K.; Inoue, A.; Hirata, K.; Kadji, F.M.N.; Okuta, A.; Tani, K.; Aoki, J.; Fujiyoshi, Y. X-ray Structures of Endothelin ETB Receptor Bound to Clinical Antagonist Bosentan and Its Analog. Nat. Struct. Mol. Biol. 2017, 24, 758–764. [Google Scholar] [CrossRef] [PubMed]

	



Shihoya, W.; Nishizawa, T.; Okuta, A.; Tani, K.; Dohmae, N.; Fujiyoshi, Y.; Nureki, O.; Doi, T. Activation Mechanism of Endothelin ET B Receptor by Endothelin-1. Nature 2016, 537, 363–368. [Google Scholar] [CrossRef] [PubMed]

	



Shihoya, W.; Izume, T.; Inoue, A.; Yamashita, K.; Kadji, F.M.N.; Hirata, K.; Aoki, J.; Nishizawa, T.; Nureki, O. Crystal Structures of Human ETB Receptor Provide Mechanistic Insight into Receptor Activation and Partial Activation. Nat. Commun. 2018, 9, 4711. [Google Scholar] [CrossRef] [PubMed]

	



Izume, T.; Miyauchi, H.; Shihoya, W.; Nureki, O. Crystal Structure of Human Endothelin ETB Receptor in Complex with Sarafotoxin S6b. Biochem. Biophys. Res. Commun. 2020, 528, 383–388. [Google Scholar] [CrossRef] [PubMed]

	



Lu, J.; Byrne, N.; Wang, J.; Bricogne, G.; Brown, F.K.; Chobanian, H.R.; Colletti, S.L.; Di Salvo, J.; Thomas-Fowlkes, B.; Guo, Y. Structural Basis for the Cooperative Allosteric Activation of the Free Fatty Acid Receptor GPR40. Nat. Struct. Mol. Biol. 2017, 24, 570. [Google Scholar] [CrossRef] [PubMed]

	



Ho, J.D.; Chau, B.; Rodgers, L.; Lu, F.; Wilbur, K.L.; Otto, K.A.; Chen, Y.; Song, M.; Riley, J.P.; Yang, H.-C.; et al. Structural Basis for GPR40 Allosteric Agonism and Incretin Stimulation. Nat. Commun. 2018, 9, 1645. [Google Scholar] [CrossRef] [PubMed]

	



Srivastava, A.; Yano, J.; Hirozane, Y.; Kefala, G.; Gruswitz, F.; Snell, G.; Lane, W.; Ivetac, A.; Aertgeerts, K.; Nguyen, J. High-Resolution Structure of the Human GPR40 Receptor Bound to Allosteric Agonist TAK-875. Nature 2014, 513, 124–127. [Google Scholar] [CrossRef]

	



Zhuang, Y.; Liu, H.; Edward Zhou, X.; Kumar Verma, R.; de Waal, P.W.; Jang, W.; Xu, T.-H.; Wang, L.; Meng, X.; Zhao, G.; et al. Structure of Formylpeptide Receptor 2-Gi Complex Reveals Insights into Ligand Recognition and Signaling. Nat. Commun. 2020, 11, 885. [Google Scholar] [CrossRef]

	



Chen, T.; Xiong, M.; Zong, X.; Ge, Y.; Zhang, H.; Wang, M.; Won Han, G.; Yi, C.; Ma, L.; Ye, R.D.; et al. Structural Basis of Ligand Binding Modes at the Human Formyl Peptide Receptor 2. Nat. Commun. 2020, 11, 1208. [Google Scholar] [CrossRef] [PubMed]

	



Lin, X.; Li, M.; Wang, N.; Wu, Y.; Luo, Z.; Guo, S.; Han, G.-W.; Li, S.; Yue, Y.; Wei, X. Structural Basis of Ligand Recognition and Self-Activation of Orphan GPR52. Nature 2020, 579, 152–157. [Google Scholar] [CrossRef] [PubMed]

	



Shimamura, T.; Shiroishi, M.; Weyand, S.; Tsujimoto, H.; Winter, G.; Katritch, V.; Abagyan, R.; Cherezov, V.; Liu, W.; Han, G.W. Structure of the Human Histamine H 1 Receptor Complex with Doxepin. Nature 2011, 475, 65–70. [Google Scholar] [CrossRef] [PubMed]

	



Chrencik, J.E.; Roth, C.B.; Terakado, M.; Kurata, H.; Omi, R.; Kihara, Y.; Warshaviak, D.; Nakade, S.; Asmar-Rovira, G.; Mileni, M. Crystal Structure of Antagonist Bound Human Lysophosphatidic Acid Receptor 1. Cell 2015, 161, 1633–1643. [Google Scholar] [CrossRef] [PubMed]

	



Stauch, B.; Johansson, L.C.; McCorvy, J.D.; Patel, N.; Han, G.W.; Huang, X.-P.; Gati, C.; Batyuk, A.; Slocum, S.T.; Ishchenko, A. Structural Basis of Ligand Recognition at the Human MT1 Melatonin Receptor. Nature 2019, 569, 284–288. [Google Scholar] [CrossRef] [PubMed]

	



Ishchenko, A.; Stauch, B.; Han, G.W.; Batyuk, A.; Shiriaeva, A.; Li, C.; Zatsepin, N.; Weierstall, U.; Liu, W.; Nango, E. Toward G Protein-Coupled Receptor Structure-Based Drug Design Using X-Ray Lasers. IUCrJ 2019, 6, 1106–1119. [Google Scholar] [CrossRef] [PubMed]

	



Schöppe, J.; Ehrenmann, J.; Klenk, C.; Rucktooa, P.; Schütz, M.; Doré, A.S.; Plückthun, A. Crystal Structures of the Human Neurokinin 1 Receptor in Complex with Clinically Used Antagonists. Nat. Commun. 2019, 10, 17. [Google Scholar] [CrossRef] [PubMed]

	



Yin, J.; Chapman, K.; Clark, L.D.; Shao, Z.; Borek, D.; Xu, Q.; Wang, J.; Rosenbaum, D.M. Crystal Structure of the Human NK1 Tachykinin Receptor. Proc. Natl. Acad. Sci. USA 2018, 115, 13264–13269. [Google Scholar] [CrossRef]

	



Chen, S.; Lu, M.; Liu, D.; Yang, L.; Yi, C.; Ma, L.; Zhang, H.; Liu, Q.; Frimurer, T.M.; Wang, M.-W. Human Substance P Receptor Binding Mode of the Antagonist Drug Aprepitant by NMR and Crystallography. Nat. Commun. 2019, 10, 638. [Google Scholar] [CrossRef]

	



Yang, Z.; Han, S.; Keller, M.; Kaiser, A.; Bender, B.J.; Bosse, M.; Burkert, K.; Kögler, L.M.; Wifling, D.; Bernhardt, G. Structural Basis of Ligand Binding Modes at the Neuropeptide Y Y1 Receptor. Nature 2018, 556, 520–524. [Google Scholar] [CrossRef]

	



Egloff, P.; Hillenbrand, M.; Klenk, C.; Batyuk, A.; Heine, P.; Balada, S.; Schlinkmann, K.M.; Scott, D.J.; Schütz, M.; Plückthun, A. Structure of Signaling-Competent Neurotensin Receptor 1 Obtained by Directed Evolution in Escherichia coli. Proc. Natl. Acad. Sci. USA 2014, 111, E655–E662. [Google Scholar] [CrossRef] [PubMed]

	



White, J.F.; Noinaj, N.; Shibata, Y.; Love, J.; Kloss, B.; Xu, F.; Gvozdenovic-Jeremic, J.; Shah, P.; Shiloach, J.; Tate, C.G.; et al. Structure of the Agonist-Bound Neurotensin Receptor. Nature 2012, 490, 508–513. [Google Scholar] [CrossRef] [PubMed]

	



Krumm, B.E.; White, J.F.; Shah, P.; Grisshammer, R. Structural Prerequisites for G-Protein Activation by the Neurotensin Receptor. Nat. Commun. 2015, 6, 7895. [Google Scholar] [CrossRef] [PubMed]

	



Krumm, B.E.; Lee, S.; Bhattacharya, S.; Botos, I.; White, C.F.; Du, H.; Vaidehi, N.; Grisshammer, R. Structure and Dynamics of a Constitutively Active Neurotensin Receptor. Sci. Rep. 2016, 6, 38564. [Google Scholar] [CrossRef] [PubMed]

	



Granier, S.; Manglik, A.; Kruse, A.C.; Kobilka, T.S.; Thian, F.S.; Weis, W.I.; Kobilka, B.K. Structure of the δ-Opioid Receptor Bound to Naltrindole. Nature 2012, 485, 400–404. [Google Scholar] [CrossRef] [PubMed]

	



Fenalti, G.; Giguere, P.M.; Katritch, V.; Huang, X.-P.; Thompson, A.A.; Cherezov, V.; Roth, B.L.; Stevens, R.C. Molecular Control of δ-Opioid Receptor Signalling. Nature 2014, 506, 191–196. [Google Scholar] [CrossRef] [PubMed]

	



Fenalti, G.; Zatsepin, N.A.; Betti, C.; Giguere, P.; Han, G.W.; Ishchenko, A.; Liu, W.; Guillemyn, K.; Zhang, H.; James, D.; et al. Structural Basis for Bifunctional Peptide Recognition at Human δ-Opioid Receptor. Nat. Struct. Mol. Biol. 2015, 22, 265–268. [Google Scholar] [CrossRef] [PubMed]

	



Wu, H.; Wacker, D.; Mileni, M.; Katritch, V.; Han, G.W.; Vardy, E.; Liu, W.; Thompson, A.A.; Huang, X.-P.; Carroll, F.I. Structure of the Human κ-Opioid Receptor in Complex with JDTic. Nature 2012, 485, 327–332. [Google Scholar] [CrossRef]

	



Che, T.; Majumdar, S.; Zaidi, S.A.; Ondachi, P.; McCorvy, J.D.; Wang, S.; Mosier, P.D.; Uprety, R.; Vardy, E.; Krumm, B.E. Structure of the Nanobody-Stabilized Active State of the Kappa Opioid Receptor. Cell 2018, 172, 55–67. [Google Scholar] [CrossRef]

	



Huang, W.; Manglik, A.; Venkatakrishnan, A.J.; Laeremans, T.; Feinberg, E.N.; Sanborn, A.L.; Kato, H.E.; Livingston, K.E.; Thorsen, T.S.; Kling, R.C. Structural Insights into Μ-Opioid Receptor Activation. Nature 2015, 524, 315–321. [Google Scholar] [CrossRef]

	



Manglik, A.; Kruse, A.C.; Kobilka, T.S.; Thian, F.S.; Mathiesen, J.M.; Sunahara, R.K.; Pardo, L.; Weis, W.I.; Kobilka, B.K.; Granier, S. Crystal Structure of the Μ-Opioid Receptor Bound to a Morphinan Antagonist. Nature 2012, 485, 321–326. [Google Scholar] [CrossRef] [PubMed]

	



Koehl, A.; Hu, H.; Maeda, S.; Zhang, Y.; Qu, Q.; Paggi, J.M.; Latorraca, N.R.; Hilger, D.; Dawson, R.; Matile, H.; et al. Structure of the μ-Opioid Receptor-Gi Protein Complex. Nature 2018, 558, 547–552. [Google Scholar] [CrossRef] [PubMed]

	



Miller, R.L.; Thompson, A.A.; Trapella, C.; Guerrini, R.; Malfacini, D.; Patel, N.; Han, G.W.; Cherezov, V.; Caló, G.; Katritch, V. The Importance of Ligand-Receptor Conformational Pairs in Stabilization: Spotlight on the N/OFQ G Protein-Coupled Receptor. Structure 2015, 23, 2291–2299. [Google Scholar] [CrossRef]

	



Thompson, A.A.; Liu, W.; Chun, E.; Katritch, V.; Wu, H.; Vardy, E.; Huang, X.-P.; Trapella, C.; Guerrini, R.; Calo, G. Structure of the Nociceptin/Orphanin FQ Receptor in Complex with a Peptide Mimetic. Nature 2012, 485, 395. [Google Scholar] [CrossRef]

	



Shimamura, T.; Hiraki, K.; Takahashi, N.; Hori, T.; Ago, H.; Masuda, K.; Takio, K.; Ishiguro, M.; Miyano, M. Crystal Structure of Squid Rhodopsin with Intracellularly Extended Cytoplasmic Region. J. Biol. Chem. 2008, 283, 17753–17756. [Google Scholar] [CrossRef] [PubMed]

	



Rappas, M.; Ali, A.A.E.; Bennett, K.A.; Brown, J.D.; Bucknell, S.J.; Congreve, M.; Cooke, R.M.; Cseke, G.; de Graaf, C.; Doré, A.S. Comparison of Orexin 1 and Orexin 2 Ligand Binding Modes Using X-Ray Crystallography and Computational Analysis. J. Med. Chem. 2019, 63, 1528–1543. [Google Scholar] [CrossRef]

	



Yin, J.; Babaoglu, K.; Brautigam, C.A.; Clark, L.; Shao, Z.; Scheuermann, T.H.; Harrell, C.M.; Gotter, A.L.; Roecker, A.J.; Winrow, C.J. Structure and Ligand-Binding Mechanism of the Human OX1 and OX2 Orexin Receptors. Nat. Struct. Mol. Biol. 2016, 23, 293–299. [Google Scholar] [CrossRef]

	



Suno, R.; Kimura, K.T.; Nakane, T.; Yamashita, K.; Wang, J.; Fujiwara, T.; Yamanaka, Y.; Im, D.; Horita, S.; Tsujimoto, H. Crystal Structures of Human Orexin 2 Receptor Bound to the Subtype-Selective Antagonist EMPA. Structure 2018, 26, 7–19. [Google Scholar] [CrossRef] [PubMed]

	



Yin, J.; Mobarec, J.C.; Kolb, P.; Rosenbaum, D.M. Crystal Structure of the Human OX2 Orexin Receptor Bound to the Insomnia Drug Suvorexant. Nature 2015, 519, 247–250. [Google Scholar] [CrossRef]

	



Cheng, R.K.Y.; Fiez-Vandal, C.; Schlenker, O.; Edman, K.; Aggeler, B.; Brown, D.G.; Brown, G.A.; Cooke, R.M.; Dumelin, C.E.; Doré, A.S.; et al. Structural Insight into Allosteric Modulation of Protease-Activated Receptor 2. Nature 2017, 545, 112–115. [Google Scholar] [CrossRef]

	



Zhang, D.; Gao, Z.-G.; Zhang, K.; Kiselev, E.; Crane, S.; Wang, J.; Paoletta, S.; Yi, C.; Ma, L.; Zhang, W. Two Disparate Ligand-Binding Sites in the Human P2Y1 Receptor. Nature 2015, 520, 317–321. [Google Scholar] [CrossRef]

	



Zhang, J.; Zhang, K.; Gao, Z.-G.; Paoletta, S.; Zhang, D.; Han, G.W.; Li, T.; Ma, L.; Zhang, W.; Müller, C.E. Agonist-Bound Structure of the Human P2Y12 Receptor. Nature 2014, 509, 119–122. [Google Scholar] [CrossRef]

	



Zhang, K.; Zhang, J.; Gao, Z.-G.; Zhang, D.; Zhu, L.; Han, G.W.; Moss, S.M.; Paoletta, S.; Kiselev, E.; Lu, W. Structure of the Human P2Y12 Receptor in Complex with an Antithrombotic Drug. Nature 2014, 509, 115–118. [Google Scholar] [CrossRef]

	



Zhang, C.; Srinivasan, Y.; Arlow, D.H.; Fung, J.J.; Palmer, D.; Zheng, Y.; Green, H.F.; Pandey, A.; Dror, R.O.; Shaw, D.E. High-Resolution Crystal Structure of Human Protease-Activated Receptor 1. Nature 2012, 492, 387. [Google Scholar] [CrossRef]

	



Wang, L.; Yao, D.; Deepak, R.N.V.K.; Liu, H.; Xiao, Q.; Fan, H.; Gong, W.; Wei, Z.; Zhang, C. Structures of the Human PGD2 Receptor CRTH2 Reveal Novel Mechanisms for Ligand Recognition. Mol. Cell 2018, 72, 48–59.e4. [Google Scholar] [CrossRef]

	



Audet, M.; White, K.L.; Breton, B.; Zarzycka, B.; Han, G.W.; Lu, Y.; Gati, C.; Batyuk, A.; Popov, P.; Velasquez, J. Crystal Structure of Misoprostol Bound to the Labor Inducer Prostaglandin E2 Receptor. Nat. Chem. Biol. 2019, 15, 11–17. [Google Scholar] [CrossRef]

	



Morimoto, K.; Suno, R.; Hotta, Y.; Yamashita, K.; Hirata, K.; Yamamoto, M.; Narumiya, S.; Iwata, S.; Kobayashi, T. Crystal Structure of the Endogenous Agonist-Bound Prostanoid Receptor EP3. Nat. Chem. Biol. 2019, 15, 8–10. [Google Scholar] [CrossRef]

	



Toyoda, Y.; Morimoto, K.; Suno, R.; Horita, S.; Yamashita, K.; Hirata, K.; Sekiguchi, Y.; Yasuda, S.; Shiroishi, M.; Shimizu, T. Ligand Binding to Human Prostaglandin E Receptor EP4 at the Lipid-Bilayer Interface. Nat. Chem. Biol. 2019, 15, 18–26. [Google Scholar] [CrossRef]

	



Cao, C.; Tan, Q.; Xu, C.; He, L.; Yang, L.; Zhou, Y.; Zhou, Y.; Qiao, A.; Lu, M.; Yi, C. Structural Basis for Signal Recognition and Transduction by Platelet-Activating-Factor Receptor. Nat. Struct. Mol. Biol. 2018, 25, 488–495. [Google Scholar] [CrossRef]

	



Hori, T.; Okuno, T.; Hirata, K.; Yamashita, K.; Kawano, Y.; Yamamoto, M.; Hato, M.; Nakamura, M.; Shimizu, T.; Yokomizo, T. Na+-Mimicking Ligands Stabilize the Inactive State of Leukotriene B4 Receptor BLT1. Nat. Chem. Biol. 2018, 14, 262–269. [Google Scholar] [CrossRef]

	



Hanson, M.A.; Roth, C.B.; Jo, E.; Griffith, M.T.; Scott, F.L.; Reinhart, G.; Desale, H.; Clemons, B.; Cahalan, S.M.; Schuerer, S.C. Crystal Structure of a Lipid G Protein–Coupled Receptor. Science 2012, 335, 851–855. [Google Scholar] [CrossRef]

	



Haffke, M.; Fehlmann, D.; Rummel, G.; Boivineau, J.; Duckely, M.; Gommermann, N.; Cotesta, S.; Sirockin, F.; Freuler, F.; Littlewood-Evans, A. Structural Basis of Species-Selective Antagonist Binding to the Succinate Receptor. Nature 2019, 574, 581–585. [Google Scholar] [CrossRef]

	



Fan, H.; Chen, S.; Yuan, X.; Han, S.; Zhang, H.; Xia, W.; Xu, Y.; Zhao, Q.; Wu, B. Structural Basis for Ligand Recognition of the Human Thromboxane A2 Receptor. Nat. Chem. Biol. 2019, 15, 27–33. [Google Scholar] [CrossRef]

	



Burg, J.S.; Ingram, J.R.; Venkatakrishnan, A.J.; Jude, K.M.; Dukkipati, A.; Feinberg, E.N.; Angelini, A.; Waghray, D.; Dror, R.O.; Ploegh, H.L.; et al. Structural Basis for Chemokine Recognition and Activation of a Viral G Protein-Coupled Receptor. Science 2015, 347, 1113–1117. [Google Scholar] [CrossRef]

	



Miles, T.F.; Spiess, K.; Jude, K.M.; Tsutsumi, N.; Burg, J.S.; Ingram, J.R.; Waghray, D.; Hjorto, G.M.; Larsen, O.; Ploegh, H.L.; et al. Viral GPCR US28 Can Signal in Response to Chemokine Agonists of Nearly Unlimited Structural Degeneracy. eLife 2018, 7, e35850. [Google Scholar] [CrossRef]

	



Mirzadegan, T.; Benkö, G.; Filipek, S.; Palczewski, K. Sequence Analyses of G-Protein-Coupled Receptors: Similarities to Rhodopsin. Biochemistry 2003, 42, 2759–2767. [Google Scholar] [CrossRef]

	



Ballesteros, J.A.; Weinstein, H. Integrated Methods for the Construction of Three-Dimensional Models and Computational Probing of Structure-Function Relations in G Protein-Coupled Receptors. In Methods in Neurosciences; Elsevier: Amsterdam, The Netherlands, 1995; Volume 25, pp. 366–428. [Google Scholar]

	



Su, M.; Zhu, L.; Zhang, Y.; Paknejad, N.; Dey, R.; Huang, J.; Lee, M.-Y.; Williams, D.; Jordan, K.D.; Eng, E.T. Structural Basis of the Activation of Heterotrimeric Gs-Protein by Isoproterenol-Bound Β1-Adrenergic Receptor. Mol. Cell 2020, 80, 59–71. [Google Scholar] [CrossRef]

	



Gusach, A.; Luginina, A.; Marin, E.; Brouillette, R.L.; Besserer-Offroy, É.; Longpré, J.M.; Ishchenko, A.; Popov, P.; Patel, N.; Fujimoto, T.; et al. Structural Basis of Ligand Selectivity and Disease Mutations in Cysteinyl Leukotriene Receptors. Nat. Commun. 2019, 10, 5573. [Google Scholar] [CrossRef]

	



Draper-Joyce, C.J.; Bhola, R.; Wang, J.; Bhattarai, A.; Nguyen, A.T.N.; O’Sullivan, K.; Chia, L.Y.; Venugopal, H.; Valant, C.; Thal, D.M. Positive Allosteric Mechanisms of Adenosine A1 Receptor-Mediated Analgesia. Nature 2021, 597, 571–576. [Google Scholar] [CrossRef]

	



Xu, X.; Kaindl, J.; Clark, M.J.; Hübner, H.; Hirata, K.; Sunahara, R.K.; Gmeiner, P.; Kobilka, B.K.; Liu, X. Binding Pathway Determines Norepinephrine Selectivity for the Human Β1AR over Β2AR. Cell Res. 2021, 31, 569–579. [Google Scholar] [CrossRef]

	



Shao, Z.; Shen, Q.; Yao, B.; Mao, C.; Chen, L.-N.; Zhang, H.; Shen, D.-D.; Zhang, C.; Li, W.; Du, X. Identification and Mechanism of G Protein-Biased Ligands for Chemokine Receptor CCR1. Nat. Chem. Biol. 2022, 18, 264–271. [Google Scholar] [CrossRef]

	



Zhuang, Y.; Xu, P.; Mao, C.; Wang, L.; Krumm, B.; Zhou, X.E.; Huang, S.; Liu, H.; Cheng, X.; Huang, X.-P. Structural Insights into the Human D1 and D2 Dopamine Receptor Signaling Complexes. Cell 2021, 184, 931–942. [Google Scholar] [CrossRef]

	



Xu, P.; Huang, S.; Mao, C.; Krumm, B.E.; Zhou, X.E.; Tan, Y.; Huang, X.-P.; Liu, Y.; Shen, D.-D.; Jiang, Y. Structures of the Human Dopamine D3 Receptor-Gi Complexes. Mol. Cell 2021, 81, 1147–1159. [Google Scholar] [CrossRef]

	



Yuan, Y.; Jia, G.; Wu, C.; Wang, W.; Cheng, L.; Li, Q.; Li, Z.; Luo, K.; Yang, S.; Yan, W. Structures of Signaling Complexes of Lipid Receptors S1PR1 and S1PR5 Reveal Mechanisms of Activation and Drug Recognition. Cell Res. 2021, 31, 1263–1274. [Google Scholar] [CrossRef]

	



Huang, S.; Xu, P.; Shen, D.-D.; Simon, I.A.; Mao, C.; Tan, Y.; Zhang, H.; Harpsøe, K.; Li, H.; Zhang, Y. GPCRs Steer Gi and Gs Selectivity via TM5-TM6 Switches as Revealed by Structures of Serotonin Receptors. Mol. Cell 2022, 82, 2681–2695. [Google Scholar] [CrossRef]

	



Xu, P.; Huang, S.; Zhang, H.; Mao, C.; Zhou, X.E.; Cheng, X.; Simon, I.A.; Shen, D.-D.; Yen, H.-Y.; Robinson, C. V Structural Insights into the Lipid and Ligand Regulation of Serotonin Receptors. Nature 2021, 592, 469–473. [Google Scholar] [CrossRef]

	



Pándy-Szekeres, G.; Munk, C.; Tsonkov, T.M.; Mordalski, S.; Harpsøe, K.; Hauser, A.S.; Bojarski, A.J.; Gloriam, D.E. GPCRdb in 2018: Adding GPCR Structure Models and Ligands. Nucleic Acids Res. 2018, 46, D440–D446. [Google Scholar] [CrossRef]

	



Chung, S.; Funakoshi, T.; Civelli, O. Orphan GPCR Research. Br. J. Pharmacol. 2008, 153, S339–S346. [Google Scholar] [CrossRef]

	



Miyagi, H.; Asada, H.; Suzuki, M.; Takahashi, Y.; Yasunaga, M.; Suno, C.; Iwata, S.; Saito, J. The Discovery of a New Antibody for BRIL-Fused GPCR Structure Determination. Sci. Rep. 2020, 10, 11669. [Google Scholar] [CrossRef]

	



Huang, S.; Xu, P.; Tan, Y.; You, C.; Zhang, Y.; Jiang, Y.; Xu, H.E. Structural Basis for Recognition of Anti-Migraine Drug Lasmiditan by the Serotonin Receptor 5-HT1F–G Protein Complex. Cell Res. 2021, 31, 1036–1038. [Google Scholar] [CrossRef]

	



Kim, K.; Che, T.; Panova, O.; DiBerto, J.F.; Lyu, J.; Krumm, B.E.; Wacker, D.; Robertson, M.J.; Seven, A.B.; Nichols, D.E. Structure of a Hallucinogen-Activated Gq-Coupled 5-HT2A Serotonin Receptor. Cell 2020, 182, 1574–1588. [Google Scholar] [CrossRef]

	



Chen, Z.; Fan, L.; Wang, H.; Yu, J.; Lu, D.; Qi, J.; Nie, F.; Luo, Z.; Liu, Z.; Cheng, J. Structure-Based Design of a Novel Third-Generation Antipsychotic Drug Lead with Potential Antidepressant Properties. Nat. Neurosci. 2022, 25, 39–49. [Google Scholar] [CrossRef]

	



Jespers, W.; Verdon, G.; Azuaje, J.; Majellaro, M.; Keränen, H.; García-Mera, X.; Congreve, M.; Deflorian, F.; De Graaf, C.; Zhukov, A. X-ray Crystallography and Free Energy Calculations Reveal the Binding Mechanism of A2A Adenosine Receptor Antagonists. Angew. Chem. Int. Ed. 2020, 59, 16536–16543. [Google Scholar] [CrossRef]

	



Amelia, T.; van Veldhoven, J.P.D.; Falsini, M.; Liu, R.; Heitman, L.H.; van Westen, G.J.P.; Segala, E.; Verdon, G.; Cheng, R.K.Y.; Cooke, R.M. Crystal Structure and Subsequent Ligand Design of a Nonriboside Partial Agonist Bound to the Adenosine A2A Receptor. J. Med. Chem. 2021, 64, 3827–3842. [Google Scholar] [CrossRef]

	



Shimazu, Y.; Tono, K.; Tanaka, T.; Yamanaka, Y.; Nakane, T.; Mori, C.; Terakado Kimura, K.; Fujiwara, T.; Sugahara, M.; Tanaka, R. High-Viscosity Sample-Injection Device for Serial Femtosecond Crystallography at Atmospheric Pressure. J. Appl. Crystallogr. 2019, 52, 1280–1288. [Google Scholar] [CrossRef]

	



Ihara, K.; Hato, M.; Nakane, T.; Yamashita, K.; Kimura-Someya, T.; Hosaka, T.; Ishizuka-Katsura, Y.; Tanaka, R.; Tanaka, T.; Sugahara, M. Isoprenoid-Chained Lipid EROCOC17+ 4: A New Matrix for Membrane Protein Crystallization and a Crystal Delivery Medium in Serial Femtosecond Crystallography. Sci. Rep. 2020, 10, 19305. [Google Scholar] [CrossRef]

	



Martin-Garcia, J.M.; Zhu, L.; Mendez, D.; Lee, M.-Y.; Chun, E.; Li, C.; Hu, H.; Subramanian, G.; Kissick, D.; Ogata, C. High-Viscosity Injector-Based Pink-Beam Serial Crystallography of Microcrystals at a Synchrotron Radiation Source. IUCrJ 2019, 6, 412–425. [Google Scholar] [CrossRef]

	



Nass, K.; Cheng, R.; Vera, L.; Mozzanica, A.; Redford, S.; Ozerov, D.; Basu, S.; James, D.; Knopp, G.; Cirelli, C. Advances in Long-Wavelength Native Phasing at X-Ray Free-Electron Lasers. IUCrJ 2020, 7, 965–975. [Google Scholar] [CrossRef]

	



Lee, M.-Y.; Geiger, J.; Ishchenko, A.; Han, G.W.; Barty, A.; White, T.A.; Gati, C.; Batyuk, A.; Hunter, M.S.; Aquila, A. Harnessing the Power of an X-ray Laser for Serial Crystallography of Membrane Proteins Crystallized in Lipidic Cubic Phase. IUCrJ 2020, 7, 976–984. [Google Scholar] [CrossRef]

	



Martynowycz, M.W.; Shiriaeva, A.; Ge, X.; Hattne, J.; Nannenga, B.L.; Cherezov, V.; Gonen, T. MicroED Structure of the Human Adenosine Receptor Determined from a Single Nanocrystal in LCP. Proc. Natl. Acad. Sci. USA 2021, 118, e2106041118. [Google Scholar] [CrossRef]

	



Borodovsky, A.; Barbon, C.M.; Wang, Y.; Ye, M.; Prickett, L.; Chandra, D.; Shaw, J.; Deng, N.; Sachsenmeier, K.; Clarke, J.D. Small Molecule AZD4635 Inhibitor of A2AR Signaling Rescues Immune Cell Function Including CD103+ Dendritic Cells Enhancing Anti-Tumor Immunity. J. Immunother. Cancer 2020, 8, e000417. [Google Scholar] [CrossRef]

	



Brown, A.J.H.; Bradley, S.J.; Marshall, F.H.; Brown, G.A.; Bennett, K.A.; Brown, J.; Cansfield, J.E.; Cross, D.M.; de Graaf, C.; Hudson, B.D. From Structure to Clinic: Design of a Muscarinic M1 Receptor Agonist with the Potential to Treat Alzheimer’s Disease. Cell 2021, 184, 5886–5901. [Google Scholar] [CrossRef]

	



Staus, D.P.; Hu, H.; Robertson, M.J.; Kleinhenz, A.L.W.; Wingler, L.M.; Capel, W.D.; Latorraca, N.R.; Lefkowitz, R.J.; Skiniotis, G. Structure of the M2 Muscarinic Receptor–β-Arrestin Complex in a Lipid Nanodisc. Nature 2020, 579, 297–302. [Google Scholar] [CrossRef]

	



Qu, L.; Zhou, Q.T.; Wu, D.; Zhao, S.W. Crystal Structures of the Alpha2A Adrenergic Receptor in Complex with an Antagonist RSC. Released Protein Data Bank 2019. [Google Scholar] [CrossRef]

	



Yuan, D.; Liu, Z.; Kaindl, J.; Maeda, S.; Zhao, J.; Sun, X.; Xu, J.; Gmeiner, P.; Wang, H.-W.; Kobilka, B.K. Activation of the A2B Adrenoceptor by the Sedative Sympatholytic Dexmedetomidine. Nat. Chem. Biol. 2020, 16, 507–512. [Google Scholar] [CrossRef]

	



Chen, X.Y.; Wu, D.; Wu, L.J.; Han, G.W.; Guo, Y.; Zhong, G.S. Crystal Structure of Human Alpha2C Adrenergic G Protein-Coupled Receptor. Released Protein Data Bank 2019. [Google Scholar] [CrossRef]

	



Liu, X.; Xu, X.; Hilger, D.; Aschauer, P.; Tiemann, J.K.S.; Du, Y.; Liu, H.; Hirata, K.; Sun, X.; Guixà-González, R. Structural Insights into the Process of GPCR-G Protein Complex Formation. Cell 2019, 177, 1243–1251. [Google Scholar] [CrossRef]

	



Nguyen, A.H.; Thomsen, A.R.B.; Cahill III, T.J.; Huang, R.; Huang, L.-Y.; Marcink, T.; Clarke, O.B.; Heissel, S.; Masoudi, A.; Ben-Hail, D. Structure of an Endosomal Signaling GPCR–G Protein–β-Arrestin Megacomplex. Nat. Struct. Mol. Biol. 2019, 26, 1123–1131. [Google Scholar] [CrossRef]

	



Yang, F.; Ling, S.; Zhou, Y.; Zhang, Y.; Lv, P.; Liu, S.; Fang, W.; Sun, W.; Hu, L.A.; Zhang, L. Different Conformational Responses of the Β2-Adrenergic Receptor-Gs Complex upon Binding of the Partial Agonist Salbutamol or the Full Agonist Isoprenaline. Natl. Sci. Rev. 2021, 8, nwaa284. [Google Scholar] [CrossRef]

	



Zhang, Y.; Yang, F.; Ling, S.; Lv, P.; Zhou, Y.; Fang, W.; Sun, W.; Zhang, L.; Shi, P.; Tian, C. Single-Particle Cryo-EM Structural Studies of the Β2AR–Gs Complex Bound with a Full Agonist Formoterol. Cell Discov. 2020, 6, 45. [Google Scholar] [CrossRef]

	



Nagiri, C.; Kobayashi, K.; Tomita, A.; Kato, M.; Kobayashi, K.; Yamashita, K.; Nishizawa, T.; Inoue, A.; Shihoya, W.; Nureki, O. Cryo-EM Structure of the Β3-Adrenergic Receptor Reveals the Molecular Basis of Subtype Selectivity. Mol. Cell 2021, 81, 3205–3215. [Google Scholar] [CrossRef]

	



Zhang, X.; He, C.; Wang, M.; Zhou, Q.; Yang, D.; Zhu, Y.; Feng, W.; Zhang, H.; Dai, A.; Chu, X. Structures of the Human Cholecystokinin Receptors Bound to Agonists and Antagonists. Nat. Chem. Biol. 2021, 17, 1230–1237. [Google Scholar] [CrossRef]

	



Wang, X.; Liu, D.; Shen, L.; Li, F.; Li, Y.; Yang, L.; Xu, T.; Tao, H.; Yao, D.; Wu, L. A Genetically Encoded F-19 NMR Probe Reveals the Allosteric Modulation Mechanism of Cannabinoid Receptor 1. J. Am. Chem. Soc. 2021, 143, 16320–16325. [Google Scholar] [CrossRef]

	



Xiao, P.; Yan, W.; Gou, L.; Zhong, Y.-N.; Kong, L.; Wu, C.; Wen, X.; Yuan, Y.; Cao, S.; Qu, C. Ligand Recognition and Allosteric Regulation of DRD1-Gs Signaling Complexes. Cell 2021, 184, 943–956. [Google Scholar] [CrossRef]

	



Sun, B.; Feng, D.; Chu, M.L.-H.; Fish, I.; Lovera, S.; Sands, Z.A.; Kelm, S.; Valade, A.; Wood, M.; Ceska, T. Crystal Structure of Dopamine D1 Receptor in Complex with G Protein and a Non-Catechol Agonist. Nat. Commun. 2021, 12, 3305. [Google Scholar] [CrossRef]

	



Yin, J.; Chen, K.-Y.M.; Clark, M.J.; Hijazi, M.; Kumari, P.; Bai, X.; Sunahara, R.K.; Barth, P.; Rosenbaum, D.M. Structure of a D2 Dopamine Receptor–G-Protein Complex in a Lipid Membrane. Nature 2020, 584, 125–129. [Google Scholar] [CrossRef]

	



Im, D.; Inoue, A.; Fujiwara, T.; Nakane, T.; Yamanaka, Y.; Uemura, T.; Mori, C.; Shiimura, Y.; Kimura, K.T.; Asada, H. Structure of the Dopamine D2 Receptor in Complex with the Antipsychotic Drug Spiperone. Nat. Commun. 2020, 11, 6442. [Google Scholar] [CrossRef]

	



Zhou, Y.; Cao, C.; He, L.; Wang, X.; Zhang, X.C. Crystal Structure of Dopamine Receptor D4 Bound to the Subtype Selective Ligand, L745870. eLife 2019, 8, e48822. [Google Scholar] [CrossRef]

	



Shiimura, Y.; Horita, S.; Hamamoto, A.; Asada, H.; Hirata, K.; Tanaka, M.; Mori, K.; Uemura, T.; Kobayashi, T.; Iwata, S. Structure of an Antagonist-Bound Ghrelin Receptor Reveals Possible Ghrelin Recognition Mode. Nat. Commun. 2020, 11, 4160. [Google Scholar] [CrossRef]

	



Liu, H.; Sun, D.; Myasnikov, A.; Damian, M.; Baneres, J.-L.; Sun, J.; Zhang, C. Structural Basis of Human Ghrelin Receptor Signaling by Ghrelin and the Synthetic Agonist Ibutamoren. Nat. Commun. 2021, 12, 6410. [Google Scholar] [CrossRef]

	



Yan, W.; Cheng, L.; Wang, W.; Wu, C.; Yang, X.; Du, X.; Ma, L.; Qi, S.; Wei, Y.; Lu, Z. Structure of the Human Gonadotropin-Releasing Hormone Receptor GnRH1R Reveals an Unusual Ligand Binding Mode. Nat. Commun. 2020, 11, 5287. [Google Scholar] [CrossRef] [PubMed]

	



Zhou, Y.; Daver, H.; Trapkov, B.; Wu, L.; Wu, M.; Harpsøe, K.; Gentry, P.R.; Liu, K.; Larionova, M.; Liu, J. Molecular Insights into Ligand Recognition and G Protein Coupling of the Neuromodulatory Orphan Receptor GPR139. Cell Res. 2022, 32, 210–213. [Google Scholar] [CrossRef] [PubMed]

	



Yang, F.; Mao, C.; Guo, L.; Lin, J.; Ming, Q.; Xiao, P.; Wu, X.; Shen, Q.; Guo, S.; Shen, D.-D. Structural Basis of GPBAR Activation and Bile Acid Recognition. Nature 2020, 587, 499–504. [Google Scholar] [CrossRef] [PubMed]

	



Xia, R.; Wang, N.; Xu, Z.; Lu, Y.; Song, J.; Zhang, A.; Guo, C.; He, Y. Cryo-EM Structure of the Human Histamine H1 Receptor/Gq Complex. Nat. Commun. 2021, 12, 2086. [Google Scholar] [CrossRef] [PubMed]

	



Michaelian, N.; Sadybekov, A.; Besserer-Offroy, É.; Han, G.W.; Krishnamurthy, H.; Zamlynny, B.A.; Fradera, X.; Siliphaivanh, P.; Presland, J.; Spencer, K.B. Structural Insights on Ligand Recognition at the Human Leukotriene B4 Receptor 1. Nat. Commun. 2021, 12, 2971. [Google Scholar] [CrossRef] [PubMed]

	



Zhang, H.; Chen, L.-N.; Yang, D.; Mao, C.; Shen, Q.; Feng, W.; Shen, D.-D.; Dai, A.; Xie, S.; Zhou, Y. Structural Insights into Ligand Recognition and Activation of the Melanocortin-4 Receptor. Cell Res. 2021, 31, 1163–1175. [Google Scholar] [CrossRef] [PubMed]

	



Cao, C.; Kang, H.J.; Singh, I.; Chen, H.; Zhang, C.; Ye, W.; Hayes, B.W.; Liu, J.; Gumpper, R.H.; Bender, B.J. Structure, Function and Pharmacology of Human Itch GPCRs. Nature 2021, 600, 170–175. [Google Scholar] [CrossRef] [PubMed]

	



Okamoto, H.H.; Miyauchi, H.; Inoue, A.; Raimondi, F.; Tsujimoto, H.; Kusakizako, T.; Shihoya, W.; Yamashita, K.; Suno, R.; Nomura, N. Cryo-EM Structure of the Human MT1–Gi Signaling Complex. Nat. Struct. Mol. Biol. 2021, 28, 694–701. [Google Scholar] [CrossRef] [PubMed]

	



Tang, T.; Hartig, C.; Chen, Q.; Zhao, W.; Kaiser, A.; Zhang, X.; Zhang, H.; Qu, H.; Yi, C.; Ma, L. Structural Basis for Ligand Recognition of the Neuropeptide Y Y2 Receptor. Nat. Commun. 2021, 12, 737. [Google Scholar] [CrossRef]

	



Deluigi, M.; Klipp, A.; Klenk, C.; Merklinger, L.; Eberle, S.A.; Morstein, L.; Heine, P.; Mittl, P.R.E.; Ernst, P.; Kamenecka, T.M. Complexes of the Neurotensin Receptor 1 with Small-Molecule Ligands Reveal Structural Determinants of Full, Partial, and Inverse Agonism. Sci. Adv. 2021, 7, eabe5504. [Google Scholar] [CrossRef]

	



Claff, T.; Yu, J.; Blais, V.; Patel, N.; Martin, C.; Wu, L.; Han, G.W.; Holleran, B.J.; Van der Poorten, O.; White, K.L. Elucidating the Active δ-Opioid Receptor Crystal Structure with Peptide and Small-Molecule Agonists. Sci. Adv. 2019, 5, eaax9115. [Google Scholar] [CrossRef]

	



Che, T.; English, J.; Krumm, B.E.; Kim, K.; Pardon, E.; Olsen, R.H.J.; Wang, S.; Zhang, S.; Diberto, J.F.; Sciaky, N. Nanobody-Enabled Monitoring of Kappa Opioid Receptor States. Nat. Commun. 2020, 11, 1145. [Google Scholar] [CrossRef]

	



Hellmann, J.; Drabek, M.; Yin, J.; Gunera, J.; Pröll, T.; Kraus, F.; Langmead, C.J.; Hübner, H.; Weikert, D.; Kolb, P. Structure-Based Development of a Subtype-Selective Orexin 1 Receptor Antagonist. Proc. Natl. Acad. Sci. USA 2020, 117, 18059–18067. [Google Scholar] [CrossRef]

	



Hong, C.; Byrne, N.J.; Zamlynny, B.; Tummala, S.; Xiao, L.; Shipman, J.M.; Partridge, A.T.; Minnick, C.; Breslin, M.J.; Rudd, M.T. Structures of Active-State Orexin Receptor 2 Rationalize Peptide and Small-Molecule Agonist Recognition and Receptor Activation. Nat. Commun. 2021, 12, 815. [Google Scholar] [CrossRef]

	



Waltenspühl, Y.; Schöppe, J.; Ehrenmann, J.; Kummer, L.; Plückthun, A. Crystal Structure of the Human Oxytocin Receptor. Sci. Adv. 2020, 6, eabb5419. [Google Scholar] [CrossRef]

	



Liu, H.; Deepak, R.N.V.K.; Shiriaeva, A.; Gati, C.; Batyuk, A.; Hu, H.; Weierstall, U.; Liu, W.; Wang, L.; Cherezov, V. Molecular Basis for Lipid Recognition by the Prostaglandin D2 Receptor CRTH2. Proc. Natl. Acad. Sci. USA 2021, 118, e2102813118. [Google Scholar] [CrossRef] [PubMed]

	



Qu, C.; Mao, C.; Xiao, P.; Shen, Q.; Zhong, Y.-N.; Yang, F.; Shen, D.-D.; Tao, X.; Zhang, H.; Yan, X. Ligand Recognition, Unconventional Activation, and G Protein Coupling of the Prostaglandin E2 Receptor EP2 Subtype. Sci. Adv. 2021, 7, eabf1268. [Google Scholar] [CrossRef] [PubMed]

	



Nojima, S.; Fujita, Y.; Kimura, K.T.; Nomura, N.; Suno, R.; Morimoto, K.; Yamamoto, M.; Noda, T.; Iwata, S.; Shigematsu, H. Cryo-EM Structure of the Prostaglandin E Receptor EP4 Coupled to G Protein. Structure 2021, 29, 252–260. [Google Scholar] [CrossRef]

	



Xu, Z.; Ikuta, T.; Kawakami, K.; Kise, R.; Qian, Y.; Xia, R.; Sun, M.-X.; Zhang, A.; Guo, C.; Cai, X.-H. Structural Basis of Sphingosine-1-Phosphate Receptor 1 Activation and Biased Agonism. Nat. Chem. Biol. 2022, 18, 281–288. [Google Scholar] [CrossRef] [PubMed]

	



Zhao, C.; Cheng, L.; Wang, W.; Wang, H.; Luo, Y.; Feng, Y.; Wang, X.; Fu, H.; Cai, Y.; Yang, S. Structural Insights into Sphingosine-1-Phosphate Recognition and Ligand Selectivity of S1PR3–Gi Signaling Complexes. Cell Res. 2022, 32, 218–221. [Google Scholar] [CrossRef]

	



Maeda, S.; Shiimura, Y.; Asada, H.; Hirata, K.; Luo, F.; Nango, E.; Tanaka, N.; Toyomoto, M.; Inoue, A.; Aoki, J. Endogenous Agonist–Bound S1PR3 Structure Reveals Determinants of G Protein–Subtype Bias. Sci. Adv. 2021, 7, eabf5325. [Google Scholar] [CrossRef] [PubMed]

	



Velcicky, J.; Wilcken, R.; Cotesta, S.; Janser, P.; Schlapbach, A.; Wagner, T.; Piechon, P.; Villard, F.; Bouhelal, R.; Piller, F. Discovery and Optimization of Novel SUCNR1 Inhibitors: Design of Zwitterionic Derivatives with a Salt Bridge for the Improvement of Oral Exposure. J. Med. Chem. 2020, 63, 9856–9875. [Google Scholar] [CrossRef] [PubMed]

	



Harding, S.D.; Armstrong, J.F.; Faccenda, E.; Southan, C.; Alexander, S.P.H.; Davenport, A.P.; Pawson, A.J.; Spedding, M.; Davies, J.A.; NC-IUPHAR. The IUPHAR/BPS Guide to PHARMACOLOGY in 2022: Curating Pharmacology for COVID-19, Malaria and Antibacterials. Nucleic Acids Res. 2022, 50, D1282–D1294. [Google Scholar] [CrossRef] [PubMed]

	



Alexander, S.P.H.; Christopoulos, A.; Davenport, A.P.; Kelly, E.; Mathie, A.; Peters, J.A.; Veale, E.L.; Armstrong, J.F.; Faccenda, E.; Harding, S.D. The Concise Guide to PHARMACOLOGY 2021/22: G Protein-coupled Receptors. Br. J. Pharmacol. 2021, 178, S27–S156. [Google Scholar] [PubMed]

	



Shonberg, J.; Kling, R.C.; Gmeiner, P.; Löber, S. GPCR Crystal Structures: Medicinal Chemistry in the Pocket. Bioorg. Med. Chem. 2015, 23, 3880–3906. [Google Scholar] [CrossRef] [PubMed]

	



Pan, X. Precise Design of Protein Structures. UCSF. ProQuest ID: Pan_ucsf_0034D_12102. Merritt ID: ark:/13030/m54514k0. 2020. Available online: https://escholarship.org/uc/item/4bn8g9kk (accessed on 18 June 2024).

	



Kim, D.E.; Chivian, D.; Baker, D. Protein Structure Prediction and Analysis Using the Robetta Server. Nucleic Acids Res. 2004, 32, W526–W531. [Google Scholar] [CrossRef] [PubMed]

	



Case, D.A.; Darden, T.A.; Cheatham, T.E.; Simmerling, C.L.; Wang, J.; Duke, R.E.; Luo, R.; Crowley, M.; Walker, R.C.; Zhang, W. Amber 10; University of California: San Francisco, CA, USA, 2008. [Google Scholar]

	



Wojciechowski, M.; Lesyng, B. Generalized Born Model: Analysis, Refinement, and Applications to Proteins. J. Phys. Chem. B 2004, 108, 18368–18376. [Google Scholar] [CrossRef]

	



Pedregosa, F.; Varoquaux, G.; Gramfort, A.; Michel, V.; Thirion, B.; Grisel, O.; Blondel, M.; Prettenhofer, P.; Weiss, R.; Dubourg, V.; et al. Scikit-Learn: Machine Learning in Python. J. Mach. Learn. Res. 2011, 12, 2825–2830. [Google Scholar]

	



Bon, C.; Chern, T.-R.; Cichero, E.; O’Brien, T.E.; Gustincich, S.; Gainetdinov, R.R.; Espinoza, S. Discovery of Novel Trace Amine-Associated Receptor 5 (TAAR5) Antagonists Using a Deep Convolutional Neural Network. Int. J. Mol. Sci. 2022, 23, 3127. [Google Scholar] [CrossRef]

	



Nicoli, A.; Weber, V.; Bon, C.; Steuer, A.; Gustincich, S.; Gainetdinov, R.R.; Lang, R.; Espinoza, S.; Di Pizio, A. Structure-Based Discovery of Mouse Trace Amine-Associated Receptor 5 Antagonists. J. Chem. Inf. Model. 2023, 63, 6667–6680. [Google Scholar] [CrossRef]








[image: Ijms 25 06876 g001] 





Figure 1. Sources of the six types of ligand–receptor complexes used in our internal dataset. Green and blue cartoon structures are used to represent two different experimentally-determined structures of the same G protein-coupled receptor (GPCR) characterized with the ligand represented by the blue circle labeled ‘L’. Colored ribbon structures represent experimentally-determined GPCR structures and gray ribbon structures represent homology modeled GPCR structures. 
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Figure 2. Opioid κ receptor (illustrated using Protein Data Bank (PDB) [23] entry 6B73 [162]) ligand interactions observed in the inactive receptor bound with the antagonist JDTic (PDB entry 4DJH [161]) and active receptor bound with the agonist MP1104 (PDB entry 6B73). Pink ribbons indicate sites lacking ligand interactions. Ribbons color-coded according to the legend indicate sites interacting with ligands in either the active receptor complex (red), the inactive receptor complex (blue), or both receptor complexes (white). TM segments are labeled. The middle image is 180° rotated from the left image. The right image shows the top view (looking down at the receptor from the extracellular side of the membrane). 
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Figure 3. GPCRdb [26] sequence alignment illustrating the differences in transmembrane domain 1 residue numbering for succinate receptor 1 and sphingosine 1-phosphate receptor 3. Yellow, green, purple, red and blue indicate hydrophobic aliphatic, aromatic, polar uncharged, anionic, and cationic amino acid sidechains, respectively. The residue numbers all start with the single-digit numeral in the top row and are followed by either the sequence-based number in the second row or the structure-based number in the third row. 
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Figure 4. Distributions of ligand–receptor complex types in the (A) training and (B) testing sets used in classifier development. 






Figure 4. Distributions of ligand–receptor complex types in the (A) training and (B) testing sets used in classifier development.



[image: Ijms 25 06876 g004]







 





Table 1. Sites included in ligand interaction fingerprints. Global fingerprints A and B were generated using the 311 ligand complex structures of the 60 receptors shown in Table S1 with no interaction score cutoff (global fingerprint A, included sites exceed 60% weighted interaction percentage) or with a 0.5 interaction score cutoff (global fingerprint B, included sites exceed 40% weighted interaction percentage). The active (included sites exceed 45% weighted interaction percentage), inactive (included sites exceed 40% weighted interaction percentage), and intermediate (included sites exceed 35% weighted interaction percentage) fingerprints were generated using interactions exceeding the 0.5 interaction score cutoff from ligand complex structures of receptors in the named activation state shown in Table S1.
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Table 2. Summary of cross-docking performance comparing MOE’s SiteFinder function and global ligand fingerprints A and B. Sampling is evaluated as the percentage of complexes with the lowest ligand RMSD (compared to experimental structures) in the noted ranges located within the top 400 scored poses. Scoring is evaluated as the percentage of complexes with the lowest ligand RMSD in the noted ranges located with the top 5 scored poses. Docking results are categorized as successful (<2 Å), acceptable (2–3 Å), successful + acceptable (<3 Å), and unsuccessful (>3 Å) (n = 20).
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Top 400

	
30.0

	
15.0

	
45.0

	
55.0




	
Fingerprint A

	
35.0

	
20.0

	
55.0

	
45.0




	
Fingerprint B

	
35.0

	
25.0

	
60.0

	
40.0




	
Scoring

	
Percentage




	
Site Selection

	
Lowest RMSD within

	
<2 Å (Successful)

	
2–3 Å (Acceptable)

	
<3 Å (Successful + acceptable)

	
>3 Å (Unsuccessful)




	
SiteFinder

	
Top 5

	
15.0

	
0.0

	
15.0

	
85.0




	
Fingerprint A

	
10.0

	
20.0

	
30.0

	
70.0




	
Fingerprint B

	
20.0

	
15.0

	
35.0

	
65.0











 





Table 3. Summary of cross-docking performance comparing MOE’s SiteFinder function and receptor state-derived fingerprints. Sampling is evaluated as the percentage of complexes with the lowest ligand RMSD located within the top 400 scored poses. Scoring is evaluated as the percentage of complexes with the lowest ligand RMSD located within the top 5 scored poses. Results are presented as percentages of complexes showing ligand RMSD values (compared to experimental structures) in the successful (<2 Å), acceptable (2–3 Å), successful + acceptable (<3 Å), and unsuccessful (>3 Å) categories (n = 8 active; n = 16 inactive; n = 16 intermediate).
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Sampling

	

	
Percentage






	
Site Selection

	
Receptor State

	
Lowest RMSD within

	
<2 Å (Successful)

	
2–3 Å (Acceptable)

	
<3 Å (Successful + acceptable)

	
>3 Å (Unsuccessful)




	
SiteFinder

	
Active

	
Top 400

	
62.5

	
25.0

	
87.5

	
12.5




	
Inactive

	
50.0

	
12.5

	
62.5

	
37.5




	
Intermediate

	
68.8

	
0.0

	
68.8

	
31.3




	
Fingerprint

	
Active

	
87.5

	
0.0

	
87.5

	
12.5




	
Inactive

	
56.3

	
18.8

	
75.0

	
25.0




	
Intermediate

	
75.0

	
0.0

	
75.0

	
25.0




	
Scoring

	

	
Percentage




	
Site Selection

	
Receptor State

	
Lowest RMSD within

	
<2 Å (Successful)

	
2–3 Å (Acceptable)

	
<3 Å (Successful + acceptable)

	
>3 Å (Unsuccessful)




	
SiteFinder

	
Active

	
Top 5

	
0.0

	
50.0

	
50.0

	
50.0




	
Inactive

	
31.3

	
18.8

	
50.0

	
50.0




	
Intermediate

	
43.8

	
18.8

	
62.5

	
37.5




	
Fingerprint

	
Active

	
50.0

	
0.0

	
50.0

	
50.0




	
Inactive

	
31.3

	
12.5

	
43.8

	
56.3




	
Intermediate

	
50.0

	
12.5

	
62.5

	
37.5











 





Table 4. Homology modeling of DUD-E GPCR targets used to construct training and testing datasets.
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Target Receptor

	
Template Receptor

	
CoINPocket Score c

	
Template PDBID

	
Template State

	
Reference

PDBID d

	
Reference

State e

	
RMSD (Å) f






	
Best

Case a

	
AA2AR

	
AA1AR

	
4.49

	
7LD3 [193]

	
Active

	
2YDV [55]

	
Active

	
3.99




	
AA2AR

	
AA1AR

	
4.49

	
5UEN [47]

	
Inactive

	
5NM4 [66]

	
Inactive

	
4.48




	
ADRB1

	
ADRB2

	
4.56

	
4LDE [91]

	
Active

	
7BU7 [194]

	
Active

	
3.28




	
ADRB1

	
ADRB2

	
4.56

	
6PS2 [149]

	
Inactive

	
7BVQ [194]

	
Inactive

	
3.29




	
ADRB2

	
ADRB1

	
4.56

	
7BU7 [194]

	
Active

	
4LDE [91]

	
Active

	
2.83




	
ADRB2

	
ADRB1

	
4.56

	
7BVQ [194]

	
Inactive

	
6PS2 [149]

	
Inactive

	
5.24




	
CXCR4

	
CCR1

	
2.37

	
7VL9 [195]

	
Active

	
3ODU [129]

	
Inactive

	
5.68




	
CXCR4

	
CCR9

	
2.21

	
5LWE [120]

	
Inactive

	
3ODU

	
Inactive

	
5.25




	
DRD3

	
DRD2

	
5.08

	
7JVR [196]

	
Active

	
7CMV [197]

	
Active

	
2.84




	
DRD3

	
DRD2

	
5.08

	
6CM4 [132]

	
Inactive

	
3PBL [133]

	
Inactive

	
2.71




	
Normal Case b

	
AA2AR

	
S1PR5

	
1.24

	
7EW1 [198]

	
Active

	
2YDV

	
Active

	
5.47




	
ADRB1

	
5HT6

	
3.40

	
7XTB [199]

	
Active

	
7BU7

	
Active

	
2.41




	
ADRB2

	
DRD2

	
2.80

	
6LUQ [131]

	
Inactive

	
6PS2

	
Inactive

	
4.73




	
CXCR4

	
AGTR2

	
1.72

	
5UNH [106]

	
Active

	
3ODU

	
Inactive

	
4.97




	
DRD3

	
5HT1D

	
3.26

	
7E32 [200]

	
Active

	
7CMV

	
Active

	
2.76








a Best-case homology models represent cases where selected template receptors bind to the same endogenous ligand as the target. In addition, best-case homology models represent models constructed using both active and inactive state template structures. b Normal-case homology models represent cases where a selected template receptor does not bind the same endogenous ligand as the target. c Maximal self-similarity measure of 5.47. A pairing of two receptors with a local similarity score of 5 would indicate very similar ligand binding pockets, while a receptor pairing with a local similarity score of 1 or less would indicate low ligand binding pocket similarity. d The Protein Data Bank identification (PDBID) of the reference structure used to compute root-mean-squared deviation values for each modeled structure. e Activation state of the reference structure used to compute root-mean-squared deviation values for each modeled structure. f Alpha carbon root-mean-squared deviation value calculated after superposing each homology model onto its target’s experimentally determined structure retrieved from DUD-E.













 





Table 5. Confusion matrix and performance metrics resulting from internal testing dataset classification with the random forest classifier.
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Testing Dataset Confusion Matrix






	

	

	
Predicted Function




	

	

	
Agonist

	
Antagonist

	
Inverse Agonist

	
Inactive




	
Actual Function

	
Agonist

	
94

	
14

	
0

	
21




	
Antagonist

	
16

	
127

	
1

	
35




	
Inverse agonist

	
1

	
7

	
9

	
0




	
Inactive

	
9

	
4

	
0

	
117




	
Classifier Performance Metrics




	
Training set cross-validation score

	
0.80




	
Testing set accuracy

	
0.76




	
Testing set precision

	
0.76




	
Testing set recall

	
0.76











 





Table 6. Confusion matrix and performance metrics resulting from external dataset classification with the random forest classifier.
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External Dataset Confusion Matrices




	
Initial Predictions (120 Docked Complexes)

	
Majority Rule Predictions (24 GPCR Model–Ligand Pairings)






	

	

	
Predicted Function

	

	
Predicted Function




	

	

	
Agonist

	
Antagonist

	
Inactive

	

	
Agonist

	
Antagonist

	
Inactive




	
Actual Function

	
Agonist

	
4

	
88

	
8

	
Actual Function

	
Agonist

	
1

	
18

	
1




	
Inactive

	
4

	
16

	
0

	
Inactive

	
0

	
4

	
0




	
Classifier Performance Metrics




	
Initial Predictions (120 Docked Complexes)

	
Majority Rule Predictions (24 GPCR Model–Ligand Pairings)




	
Accuracy

	
0.03

	
Accuracy

	
0.04




	
Precision

	
0.03

	
Precision

	
0.04




	
Recall

	
0.03

	
Recall

	
0.04











 





Table 7. Confusion matrix and performance metrics resulting from testing dataset classification with the random forest classifier after merging actives.
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Testing Dataset Confusion Matrix






	

	

	
Predicted Function




	

	

	
Active

	
Inactive




	
Actual Function

	
Active

	
269

	
56




	
Inactive

	
13

	
117




	
Classifier Performance Metrics




	
Testing set hit rate (%)

	
95.4




	
Testing set accuracy

	
0.85




	
Testing set precision

	
0.85




	
Testing set recall

	
0.85











 





Table 8. Confusion matrices and performance metrics for merged active predictions (left) and initial predictions (right) after the prediction of ligand function with the random forest classifier for ligand–receptor complexes involving experimentally determined structures.
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Testing Dataset Confusion Matrices




	
Merged Active Predictions

	
Initial Predictions






	

	
Predicted Function

	

	
Predicted Function




	

	

	
Active

	
Inactive

	

	

	
Agonist

	
Antagonist

	
Inverse Agonist

	
Inactive




	
Actual Function

	
Active

	
240

	
5

	
Actual Function

	
Agonist

	
84

	
9

	
0

	
2




	
Antagonist

	
10

	
119

	
1

	
3




	
Inactive

	
6

	
60

	
Inverse Agonist

	
1

	
7

	
9

	
0




	
Inactive

	
5

	
1

	
0

	
60




	
Classifier Performance Metrics




	
Merged Active Predictions

	
Initial Predictions




	
Hit rate (%)

	
97.6

	
Hit Rate (%)

	
NA a




	
Accuracy

	
0.96

	
Accuracy

	
0.87




	
Precision

	
0.96

	
Precision

	
0.87




	
Recall

	
0.96

	
Recall

	
0.87








a A hit rate was not calculated for non-binary predictions.













 





Table 9. Confusion matrices and performance metrics for merged active predictions (left) and initial predictions (right) after prediction of ligand function with the random forest classifier for ligand–receptor complexes involving modeled structures.






Table 9. Confusion matrices and performance metrics for merged active predictions (left) and initial predictions (right) after prediction of ligand function with the random forest classifier for ligand–receptor complexes involving modeled structures.





	
Testing Dataset Confusion Matrices




	
Merged Active Predictions

	
Initial Predictions






	

	
Predicted Function

	

	
Predicted Function




	

	

	
Active

	
Inactive

	

	

	
Agonist

	
Antagonist

	
Inactive




	
Actual Function

	
Active

	
29

	
51

	
Actual Function

	
Agonist

	
10

	
5

	
19




	
Antagonist

	
6

	
8

	
32




	
Inactive

	
7

	
57

	
Inactive

	
4

	
3

	
57




	
Classifier Performance Metrics




	
Merged Active Predictions

	
Initial Predictions




	
Hit rate (%)

	
80.6

	
Hit Rate (%)

	
NA a




	
Accuracy

	
0.60

	
Accuracy

	
0.52




	
Precision

	
0.60

	
Precision

	
0.52




	
Recall

	
0.60

	
Recall

	
0.52








a A hit rate was not calculated for non-binary predictions.













 





Table 10. Confusion matrix and performance metrics resulting from external dataset classification with the random forest classifier after merging actives and applying majority rule voting per ligand.
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External Dataset Confusion Matrix






	

	

	
Predicted Function




	

	

	
Active

	
Inactive




	
Actual Function

	
Active

	
19

	
1




	
Inactive

	
4

	
0




	
Classifier Performance Metrics




	
External set hit rate (%)

	
82.6




	
External set accuracy

	
0.79




	
External set precision

	
0.79




	
External set recall

	
0.79











 





Table 11. Confusion matrices and binder hit rates resulting from external dataset classification with the random forest classifier after merging actives and applying majority rule voting per ligand for each source of modeled structures used to generate docked ligand–receptor complexes in the external dataset.
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In-house Homology Models

	
AlphaFold Homology Models






	

	

	
Predicted Function

	

	

	
Predicted Function




	

	

	
Active

	
Inactive

	

	

	
Active

	
Inactive




	
Actual Function

	
Active

	
5

	
0

	
Actual Function

	
Active

	
4

	
1




	
Inactive

	
1

	
0

	
Inactive

	
1

	
0




	
Hit Rate = 83.3%

	
Hit Rate = 80.0%




	
GPCRdb Active Template Homology Models

	
GPCRdb Inactive Template Homology Models




	

	

	
Predicted Function

	

	

	
Predicted Function




	

	

	
Active

	
Inactive

	

	

	
Active

	
Inactive




	
Actual Function

	
Active

	
5

	
0

	
Actual Function

	
Active

	
5

	
0




	
Inactive

	
1

	
0

	
Inactive

	
1

	
0




	
Hit rate = 83.3%

	
Hit rate = 83.3%
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